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Preface to ”Modeling and Simulation of Carbon
Emission Related Issues”
Carbon emissions reached an all-time high in 2018, when global carbon dioxide emissions
from burning fossil fuels increased by about 2.7%, after a 1.6% increase in 2017. Thus, we
need to pay special attention to carbon emissions and work out possible solutions if we still
want to meet the targets of the Paris climate agreement. This Special Issue collects 16 carbon
emissions-related papers (including 5 that are carbon tax-related) and 4 energy-related papers using
various methods or models, such as the input–output model, decoupling analysis, life cycle impact
analysis (LCIA), relational analysis model, generalized Divisia index model (GDIM), forecasting
model, three-indicator allocation model, mathematical programming, real options model, multiple
linear regression, etc. The research studies come from China, Taiwan, Brazil, Thailand, and United
States. These researches involved various industries such as agricultural industry, transportation
industry, power industry, tire industry, textile industry, wave energy industry, natural gas industry,
and petroleum industry. Although this Special Issue does not fully solve our concerns, it still provides
abundant material for implementing energy conservation and carbon emissions reduction. However,
there are still many issues regarding the problems caused by global warming that require research.
Finally, I am grateful to MDPI for the invitation to act as the Guest Editor of this Special Issue and I
am indebted to the editorial ofﬁce of Energies for the kind cooperation, patience, and committed
engagement. I would like to thank the authors for submitting their excellent contributions to this
Special Issue. My thanks are extended to the reviewers for evaluating the manuscripts and providing
helpful suggestions. Sincere thanks also go to the editorial team of MDPI and Energies for providing
the opportunity to publish this book and helping in all possible ways.
Wen-Hsien Tsai
Special Issue Editor

ix

energies
Editorial

Modeling and Simulation of Carbon
Emission-Related Issues
Wen-Hsien Tsai
Department of Business Administration, National Central University, Jhongli, Taoyuan 32001, Taiwan;
whtsai@mgt.ncu.edu.tw; Tel.: +886-3-426-7247
Received: 5 March 2019; Accepted: 27 June 2019; Published: 1 July 2019

1. Introduction
According to the Intergovernmental Panel on Climate Change (IPCC) Fifth Assessment Report in
2013 (IPCC, 2013) [1], global warming is mainly caused by several greenhouse gases, such as carbon
dioxide (CO2 ), methane, nitrous oxide, and ozone, which are emitted by human activities in a variety
of ways. Baroness Anelay, the former UK Minister of State of the Foreign and Commonwealth Oﬃce,
said: “The threat of climate change needs to be assessed in the same comprehensive way as nuclear
weapons proliferation.” [2]. In addition, both former Vice-President Al Gore and former President
Barack Obama of United States deemed that climate change was a more dangerous threat to the world
than international terrorism [3]. The Paris Agreement was signed by 195 nations in December 2015
to strengthen the global response to the threat of climate change, following the 1992 United Nations
Framework Convention on Climate Change (UNFCC) and the 1997 Kyoto Protocol. In Article 2 of the
Paris Agreement, the increase in the global average temperature is anticipated to be held to well below
2 ◦ C above pre-industrial levels, and eﬀorts are being employed to limit the temperature increase to
1.5 ◦ C above pre-industrial levels [4].
It is estimated that about 72% of the totally emitted greenhouse gases is carbon dioxide (CO2 ), 18%
methane, and 9% nitrous oxide [5]. Therefore, carbon dioxide (CO2 ) emission (or carbon emission) is the
most important cause of global warming. The vast majority of anthropogenic carbon emissions come
from the combustion of fossil fuels, principally coal, oil, and natural gas, with additional contributions
coming from deforestation, changes in land use, soil erosion, and agriculture [6]. The United Nations
had made possible eﬀorts on greenhouse gas emissions mitigation. In Article 6 of the Paris Agreement,
three cooperative approaches were presented that countries can take in attaining the goal of their carbon
emission reduction, including direct bilateral cooperation, new sustainable development mechanisms,
and non-market-based approaches [7].
For the carbon emission reduction, several related issues and practical technologies were proposed,
such as carbon footprint, carbon tax, cap and trade, carbon right purchasing, carbon emission cost
analysis, internal carbon pricing, and so on. Cap and trade is one method for regulating and ultimately
reducing the amount of carbon emission [8]. The government sets a cap on carbon emission, limiting the
amount of carbon dioxide that companies are allowed to release. Companies that can more eﬃciently
reduce carbon emission can sell any extra permits in the emission market. Thus, the carbon trading
markets were set up. Currently there are ﬁve trading in carbon allowances: the European Climate
Exchange, NASDAQ OMX Commodities Europe, PowerNext, Commodity Exchange Bratislava,
and the European Energy Exchange [9].
However, Harvey stated that, “A report released yesterday by a consortium of researchers known
as the Global Carbon Project ﬁnds that global carbon dioxide emissions from burning fossil fuels are
likely to have increased by about 2.7% in 2018, after a 1.6% increase in 2017” [10]. We need to pay
special attention to carbon emissions and work out the possible solutions if we still want to meet the
targets of the Paris climate agreement. In this urgent time for carbon emission reduction, this special
Energies 2019, 12, 2531; doi:10.3390/en12132531
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issue collects 20 related papers concerning carbon emissions from household to various industries by
using various models and methods.
2. Summary Information of 20 Papers in the Special Issue
Table 1 shows the summary information of 20 papers in this special issue, including Research
Topic, Papers’ Author, Method/Model, Research Object, and Industry/Field. From Table 1, we can
see that this special issue has 16 carbon emissions-related papers (including ﬁve that are carbon
tax-related) and four energy-related papers in various industries by using various methods or models.
In carbon emissions, it explores household, transportation, and agricultural carbon emissions, carbon
emissions reduction, carbon emissions forecasting, and quotas allocation for carbon emissions. In
energy, it discusses renewable energy and energy consumption forecasting. These papers will be
reviewed in the next section.
3. Review of the Special Issue
3.1. Carbon Emissions
3.1.1. Household Carbon Emissions
Wang et al. [11] used the carbon emissions coeﬃcient method and Consumer Lifestyle Approach
(CLA) to calculate the total carbon emissions of households in 30 provinces of China from 2006
to 2015, and adopted the extended Stochastic Impacts by Regression on Population, Aﬄuence,
and Technology (STIRPAT) model to analyze the factors inﬂuencing the total carbon emissions of
households. The ﬁndings indicate that the energy and products’ carbon emissions from China’s
households had demonstrated a rapid growth trend over the past 10 years and primarily derived from
residents’ high carbon emission categories: residences, food, transportation, and communications.
Huang et al. [12] analyzed the direct and indirect CO2 emissions by urban and rural households
in Beijing, Tianjin, Shanghai, and Chongqing. The results show that urban total household carbon
emissions are larger than rural total household carbon emissions for the four megacities. Electricity
and hot water production and supply is the largest contributor of indirect household carbon emissions
for both rural and urban households. Besides, Beijing, Tianjin, Shanghai, and Chongqing outsource a
large amount of indirect carbon emissions to their neighboring provinces.
3.1.2. Transportation Carbon Emissions
Transportation is an important source of carbon emissions in China. Wang et al. [13] analyzed the
drivers of carbon emissions in China’s transportation sector from 2000 to 2015 by using the Generalized
Divisia Index Method (GDIM). The ﬁndings show that the added value of transportation, energy
consumption, and per capita carbon emissions in transportation have always been major factors
aﬀecting China’s carbon emissions from transportation. The carbon intensity of the added value and
the energy intensity have a continuous eﬀect on carbon emissions in transportation.
3.1.3. Agricultural Carbon Emissions
Zhang et al. [14] utilized decoupling analysis to construct a decoupling index based on carbon
footprint and crop yield, and evaluated the relationship between crop production and greenhouse
gas emissions using the most modern grain production base in China as a case study. The ﬁndings
show that a weak but variable decoupling trend occurs from 2001 to 2015, and that there is a weak
decoupling across the study period. Besides, rice production constituted 80% of the regional carbon
footprint in a crop’s life cycle.
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1. Carbon
Emissions

Topic
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CO2 emissions reduction
evaluation of Li-ion
batteries

1.6 Quotas Allocation for Carbon Emissions

1.5 Carbon Emissions Forecasting

1.4 Carbon
Emissions
Reduction

Carbon emissions reduction
for departure aircraft
pushback control

1.3 Agricultural Carbon Emissions

1.2 Transportation Carbon Emissions

1.1 Household Carbon Emissions

China

China

Relational Analysis Model;
VARIMAX-ECM ** Model
Generalized Divisia Index Model
(GDIM); Monte Carlo simulation
Gray model (GM (1, 1)); Generalized
Regression Neural Network
(GRNN); Markov Forecasting model;
Non-Linear programming
A Hybrid Trend Forecasting model;
A Three-Indicator Allocation model

Sutthichaimethee,
Kubaha [18]
Zhu, He, Shang,
Zhang, Ma [19]
Wang, Shang, He,
Zhang, Liu [20]
Meng, Wang, Chen
[21]

30 provinces of China

Thailand

Optimization and simulations using
HOMER (Hybrid Optimization
Model for Multiple Energy
Resources) software

Brazil

Shanghai Hongqiao Airport,
China

Peralta, Vieira,
Meunier, Vale, Salles,
Carmo [17]

Zhu, Li, Sun, Zhang,
Wang, Tsai [16]

A Time Prediction Model of aircraft
departure taxiing time by using
Multivariate Linear Regression

Taiwan

PAS 2050-based Life Cycle Analysis
(LCA) approach; Life Cycle
Inventory (LCI) Analysis; Life Cycle
Impact Assessment (LCIA)

Hu, Chen, Huang,
Chung, Lan, Chen
[15]

Heilongjiang Land
Reclamation Area, China

Decoupling Analysis

Zhang, Zou, Xu, Yang
[14]

China

Generalized Divisia Index Method
(GDIM).

Wang, Zhou, Zhu,
Zhang, Zhang [13]

Beijing, Tianjin, Shanghai,
and Chongqing of China

30 Provinces of China

Research Object

Input–Output Model

STIRPAT * Model

Wang, Yang, Dong,
Cheng, Shang [11]
Huang, Zhang, Liu
[12]

Method/Model

Paper/Author

Table 1. Summary information of 20 papers in this special issue.

Electric Power
Industry

Government

Power Industry

Industrial Sector

Ship Power
Industry

Air Transportation
Industry

Agricultural
Industry (Tea)

Agricultural
Industry

Transportation
Industry

Urban and Rural
Household

Household

Industry/Field
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3.2 Energy
Forecasting

3.1 Renewable
Energy

Tsai [26]
Li, Wu, Li [27]

Zhai, Zhu, Lu [28]

Carbon taxes and carbon
right costs analysis

Renewable energy
investment decisions

Life cycle assessment of
Buoy–Rope–Drum wave
energy converter

Energy consumption
long-term forecasting

Sutthichaimethee,
Kubaha [30]

Foster [29]

Tsai [25]

Green production planning
and control with carbon tax
under Industry 4.0

Ethylene economics and
production forecasting
because of the advent of
shale gas

Tsai [24]

LT-ARIMAXS Model ****

Vector Error Correction Model
(VECM); Multiple Linear Regression
Model (MLR)

Life Cycle Inventory (LCI) Analysis;
Life Cycle Impact Analysis (LCIA)

Real Options model

Mathematical Programming

Mathematical Programming

Mathematical Programming

Fan, Gao, Chen, Wei,
Xu, Lu, Wang, Zhang,
Ren, Ulgiati, Dong
[23]

Carbon tax

Green quality management
decision with carbon tax

3EAD-CGE *** model

Wang, Tao, Shi [22]

Method/Model
Low-Carbon Inventory Routing
Problem (LCIRP) model

Paper/Author

Inventory routing problem
with carbon tax

Thailand

United States (U.S.)

China

China

Taiwan

Taiwan

Taiwan

China

China

Research Object

Industry/Field

Petroleum
Industry

Ethylene Industry;
Natural Gas
Industry

Wave Energy
Industry

China Carbon
Trading Market

Tire Industry

Textile Industry

Tire Industry

Agricultural
Industry

Reﬁned Oil
Logistics

Note: * STIRPAT: Stochastic Impacts by Regression on Population, Aﬄuence, and Technology; ** VARIMAX-ECM: Variance Maximization-Error Correction Model; *** 3EAD-CGE:
Economy–Energy–Environmental–Agricultural–Dynamics Computable General Equilibrium; **** LT-ARIMAXS Model: The Long Term-Autoregressive Integrated Moving Average with
Exogeneous variables and Error Correction Mechanism mode.
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Topic
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Hu et al. [15] evaluated the environmental impact and carbon footprint of Dongshan tea from Yilan
County in Taiwan. The results indicate that climate change has the largest impact upon it, followed
by human health, natural resources, and ecosystem quality. It is also found that the environmental
impact of Taiwanese tea mainly came from fertilizer input during the raw material phase, electricity
use during manufacturing, and electricity use during water boiling in the consumer-use phase.
3.1.4. Carbon Emissions Reduction
Zhu et al. selected Shanghai Hongqiao Airport to explore the control strategy for aircraft
departure [16]. In this paper, the inﬂuence of the number of departure aircraft on the runway utilization
rate, the takeoﬀ rate, and the departure rate of ﬂight departures under the conditions of airport
runway capacity constraints are studied. A time prediction model of aircraft departure taxiing time
is established in this study by using a multivariate linear regression equation, and the experimental
results indicate that without reducing the utilization rate of the runway and the departure rate of ﬂights,
implementing a reasonable pushback number for the control of departing aircraft during busy hours
can reduce the departure taxiing time of aircraft by about 32%, which will reduce the fuel consumption
and pollutant emissions during taxiing on the airport surface.
Peralta et al. [17] analyzed the potential implementation of Li-ion batteries (lithium titanate
or lithium iron phosphate) in a platform supply vessel system through simulations using HOMER
software (Hybrid Optimization Model for Multiple Energy Resources). They also analyzed the potential
emissions reduction for diﬀerent parts of a mission to an oﬀshore platform for diﬀerent conﬁgurations
of the ship power system.
3.1.5. Carbon Emissions Forecasting
Sutthichaimethee and Kubaha [18] used a Relational Analysis Model and VARIMAX-ECM Model
to forecast carbon emissions in Thailand for the period between 2018–2029. The research results
indicate that carbon emissions will continue to increase steadily by 14.68%, or 289.58 MtCO2 eq. by
2029, which is not in line with Thailand’s carbon emissions reduction policy.
Zhu et al. [19] adopted Generalized Divisia Index Model (GDIM) and Monte Carlo simulation
to explore the inﬂuencing factors and scenario forecasts of carbon emissions of the Chinese power
industry. The results show that the output scale is the most important factor leading to an increase in
carbon emissions in China’s power industry from 2000 to 2015, followed by the energy consumption
scale and population size. The results also indicate that China’s power industry still has great potential
to reduce carbon emissions, and the focus can be placed on the innovation and development of energy
saving and emissions reduction technology.
Wang et al. [20] used the Gray model (GM (1, 1)), Generalized Regression Neural Network (GRNN),
Markov forecasting model, and non-linear programming to evaluate whether China can achieve the
2020 and 2030 carbon intensity targets set by government through energy structure adjustment. The
conclusions are that in 2020, the optimal energy structure will enable China to achieve its carbon
intensity target under three scenarios. However, in 2030, the optimal energy structure cannot fully
achieve China’s carbon intensity target under any of the three scenarios.
3.1.6. Quotas Allocation for Carbon Emissions
The electric power industry is the ﬁrst sector that was introduced into the Carbon Emissions
Trading market, which is being constructed in China. Meng et al. [21] utilized a hybrid trend forecasting
model and a three-indicator allocation model to propose a quota allocation scheme for carbon emissions
in China’s electric power industry in 30 provinces from 2016 to 2030. The research ﬁndings indicated
that nine provinces are expected to be the buyers in the Carbon Emissions Trading market. These
provinces are mostly located in eastern China, and account for approximately 63.65% of China’s carbon
emissions generated by the electric power sector.
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3.2. Carbon Tax
Implementing a carbon tax is one method of carbon pricing to mitigate carbon emissions.
Wang et al. [22] used Low-Carbon Inventory Routing Problem (LCIRP) model for the inventory routing
problem in the distribution process of reﬁned oil with the perspective of carbon tax, and proposed an
improved adaptive genetic algorithm combined with greedy algorithm to solve the model. Fan et al. [23]
utilized a 3EAD-CGE (economy–energy–environmental–agricultural–dynamics Computable General
Equilibrium) model to analyze the degree of carbon tax on the macroenvironment, macroeconomy,
and agricultural sectors during the period 2020–2050, in order to investigate whether carbon tax is
suitable for China’s agricultural-related sectors. This research provides detailed data that supports the
views of most people against the imposition of a carbon tax on agricultural-related sectors.
Tsai [24] proposed a green quality management decision model with carbon tax under
Activity-Based Costing (ABC) in the tire manufacturing industry. The optimal green quality production
portfolio can be selected via a mathematical programming model. Activity-Based Costing (ABC) is used
to assess green quality management and production cost. Tsai [9] also considered the environmental
issues of carbon emissions, energy recycling, and waste reuse, and proposed a green production
planning and control model with carbon tax. Tsai [25] used a mathematical programming model with
Activity-Based Costing (ABC) and the Theory of Constraints (TOC) to achieve the optimal product mix
to maximize proﬁt under various resource, production, and sale-related constraints.
Cap and trade is one method for regulating and ultimately reducing the amount of carbon
emissions. The government sets a cap on carbon emissions for the whole country, and then limited the
amount of carbon dioxide that companies are allowed to release. A company that can more eﬃciently
reduce carbon emission can sell any extra permits in the emission market to companies that cannot
easily aﬀord reducing carbon emissions. Tsai [26] combined mathematical programming, Theory of
Constraints (TOC), and Activity-Based Costing (ABC) to formulate the green production decision
model with carbon taxes and carbon right costs under the cap-and-trade scheme, in order to achieve
the optimal product-mix decision under various constraints. This paper proposed three diﬀerent
scenario models with carbon taxes and carbon right, and used them to evaluate the eﬀect on proﬁt of
changes in carbon tax rates.
3.3. Energy
3.3.1. Renewable Energy
Renewable energy is safe, abundant, and clean to use when compared to fossil fuels. However,
many forms of renewable energy are location-speciﬁc and require storage capabilities. Even regarding
this, renewable energy has great potential investment value. Li et al. [27] adopted a real option model
considering carbon price ﬂuctuation as a tool for renewable energy investment. Considering optimal
investment timing and carbon price, the model introduces a carbon price ﬂuctuation as part of the
optimization paper.
Zhai et al. [28] applied Life Cycle Inventory (LCI) analysis and Life Cycle Impact Analysis (LCIA)
to conduct a life cycle assessment (LCA) study for a buoy–rope–drum (BRD) wave energy converter
(WEC).
Foster [29] utilized the Vector Error Correction model (VECM) and Multiple Linear Regression
model (MLR) to projects the United States’ (U.S.) future ethylene supply in the context of two
megatrends: the natural gas surge and global climate change. The results indicated that the availability
of shale gas in the U.S. and low-priced feedstocks from natural gas relative to crude oil were key factors
inﬂuencing ethylene supply.
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3.3.2. Energy Forecasting
Sutthichaimethee and Kubaha [30] applied LT-ARIMAXS (the Long Term-Autoregressive
Integrated Moving Average with Exogeneous variables and Error Correction Mechanism model)
to conduct energy consumption long-term forecasting for the petroleum industry in Thailand.
4. Concluding Remarks
Since carbon emissions reached an all-time high in 2018, where global carbon dioxide emissions
from burning fossil fuels have increased by about 2.7% in 2018, after a 1.6% increase in 2017. We need
to pay special attention to carbon emissions and work out the possible solutions if we still want to meet
the targets of the Paris climate agreement. This special issue collects 16 carbon emissions-related papers
(including ﬁve that were carbon tax-related) and four energy-related papers in various industries
by using various methods or models. Although this special issue did not fully satisfy our needs,
it still provides abundant related material for energy conservation and carbon emissions reduction.
However, there still are many research topics waiting for our eﬀorts to study to solve the problems of
global warming.
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Abstract: Household carbon emissions are important components of total carbon emissions.
The consumer side of energy-saving emissions reduction is an essential factor in reducing carbon
emissions. In this paper, the carbon emissions coefﬁcient method and Consumer Lifestyle Approach
(CLA) were used to calculate the total carbon emissions of households in 30 provinces of China from
2006 to 2015, and based on the extended Stochastic Impacts by Regression on Population, Afﬂuence,
and Technology (STIRPAT) model, the factors inﬂuencing the total carbon emissions of households
were analyzed. The results indicated that, ﬁrst, over the past ten years, the energy and products
carbon emissions from China’s households have demonstrated a rapid growth trend and that regional
distributions present obvious differences. Second, China’s energy carbon emissions due to household
consumption primarily derived from the residents’ consumption of electricity and coal; China’s
products household carbon emissions primarily derived from residents’ consumption of the high
carbon emission categories: residences, food, transportation and communications. Third, in terms of
inﬂuencing factors, the number of households in China plays a signiﬁcant role in the total carbon
emissions of China’s households. The ratio of children 0–14 years old and gender ratio (female = 100)
are two factors that reﬂect the demographic structure, have signiﬁcant effects on the total carbon
emissions of China’s households, and are all positive. Gross Domestic Product (GDP) per capita plays
a role in boosting the total carbon emissions of China’s households. The effect of the carbon emission
intensity on total household carbon emissions is positive. The industrial structure (the proportion
of secondary industries’ added value to the regional GDP) has curbed the growth of total carbon
emissions from China’s household consumption. The results of this study provide data to support the
assessment of the total carbon emissions of China’s households and provide a reasonable reference
that the government can use to formulate energy-saving and emission-reduction measures.
Keywords: household consumption; total carbon emissions; CLA Model; inﬂuence factor;
STIRPAT model

1. Introduction
According to the International Energy Agency (IEA) [1], China surpassed the US as the world’s
largest emitter of carbon in 2007, and according to data on carbon dioxide emissions released by the
BP World Energy Statistics Yearbook (2017) [2], China’s global share of carbon emissions rose from
20.9% in 2005 to 27.5% in 2014 and remains on the rise. China, the largest developing country in the
world, has undergone vigorous and rapid development over the past 40 years, and the increased
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large-scale, mechanized production, growing consumer demand, and improved living standards have
caused China’s carbon dioxide emissions to increase every year. To reduce carbon emissions, China has
established a series of emissions reduction plans: at the World Climate Conference in Copenhagen in
2009, China vowed that by 2020 its carbon intensity would decrease by 40–45% from the 2005 amount.
In 2014, China increased its goal of peak carbon emissions to approximately 2030. In 2015, at the Paris
summit, China reafﬁrmed its commitment of peak carbon emissions to approximately 2030; China has
also proposed that to approximately 2030, non-fossil energy consumption would account for about
20% of primary energy consumption, and carbon intensity would be 60 to 65% lower than 2005, and
forest stock would be about 4.5 billion cubic meters more than in 2005. In December 2017, China
ofﬁcially launched the national carbon emission trading system [3], taking an important step on the
path of reducing emissions. Therefore, how to achieve energy savings and emissions reduction and
how to develop an appropriate path for China’s low-carbon development have become timely issues
for scholars.
Currently, most of our efforts to reduce emissions are committed to the ﬁeld of industrial
production. Recent years have seen diminishing marginal beneﬁts of industrial emission reductions,
and changing consumption patterns have been an effective manner by which to mitigate climate
warming. All types of research on carbon emissions at the production level have gradually shifted
to the consumption level. At present, household carbon emissions account for more than 40% [4] of
China’s total carbon emissions and increase yearly. In 2012, China’s GDP growth rate was 7.7% [5],
farewell to the past more than 30 years average of 10% per cent growth, indicating that China’s
economic growth phase has undergone a fundamental shift in the economic development of the
“new normal”. An important manifestation of the new normal of economic development is that the
contribution rate of consumption to economic growth is obviously increased. In 2010, consumption
contributed 61.9% [6] to China’s economic growth, surpassing investment for the ﬁrst time since 2006.
In 2016, the contribution of consumption to China’s economic growth increased to 64.6% [6]. Therefore,
expanding domestic demand and promoting consumption are important pillars for economic growth.
Changes in the size and structure of residents’ consumption will have signiﬁcant impacts on China’s
carbon emission. It is of great practical signiﬁcance to study the carbon emissions of households
and their inﬂuencing factors. To determine whether residents directly generate carbon emissions
when they consume products and services, we can divide household consumption carbon emissions
into energy carbon emissions of households and products carbon emissions of households. Energy
carbon emissions of households are produced by residents’ direct consumption of energy products.
Products carbon emissions of households are generated by the residents’ consumption of products
and services that consume energy in all aspects of production and sales. The combination of energy
and products carbon emissions of household consumption is called total household carbon emissions.
This paper calculates the energy and products carbon emissions of household consumption and
comprehensively analyses the present situation and inﬂuencing factors on total carbon emissions of
China’s household consumption.
2. Literature Review
At present, the research on the carbon emissions of households is divided into two areas: scale
calculation and inﬂuential factor analysis. The measurement of scale is divided into the calculation
of the energy carbon emissions of household consumption and calculation of the products carbon
emissions of household consumption, and research on the inﬂuencing factors of carbon emissions
from households primarily concentrates on the population, per capita income and technical levels.
Currently, studies have focused on several areas, which are discussed in the following sections.
2.1. Measurement of the Size of Carbon Emissions of Household Consumption
Existing research primarily uses the carbon emission coefﬁcient method to calculate the energy
carbon emissions of household consumption. There are three methods for calculating products
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carbon emissions from households: Input-Output Analysis (IOA), Life-Cycle Analysis (LCA) and the
1 The input-output analysis method, proposed by Professor
Consumer Lifestyle Approach (CLA). 
Leon (Wassily Leontief) in 1936, was applied to the quantitative analysis of the American economic
system in the same year [7], and the theoretical setting and empirical application were further analyzed
in 1937 [8]. Herendeen [9] ﬁrst applied it to the analysis and calculation of energy consumption
in the United States in 1976. Druckman [10] established a quasi-multi-region-input-output model
to study the carbon emissions produced by British residents from consumer products and services
from 1990 to 2004; the results indicated that more than one-fourth of the UK household consumption
carbon emissions in 2004 came from recreational and leisure consumption. Peng et al. [11] developed a
non-competitive input-output model to calculate the carbon emissions caused by Chinese residents’
consumption and their sectoral distribution from 1992 to 2007. Their results indicated that during
the period of inspection, residents’ consumption and carbon emissions indicated a rapid growth
trend, which is an important component of China’s total carbon emissions. Based on the statistical
data from Shanghai from 1997 to 2010, Wu, Guo et al. [12] used the input-output model to calculate
the products carbon emissions from Shanghai residents’ consumption, and the study observed that
the products carbon emissions of Shanghai residents’ consumption was increasing, which was the
primary source of the total carbon emissions of residents’ consumption. Tian et al. [13] used the
input-output model to calculate the products carbon emissions of residents in Liaoning Province in
1997, 2002 and 2007. The study determined that the products carbon emissions from urban residents’
consumption were the primary component of products carbon emissions of residents’ consumption.
2 Life-Cycle Analysis examines the effect of a product or service on the environment throughout its

life cycle. Liu et al. [14] used the life-cycle analysis method to construct the sustainable consumption
evaluation model, and those authors analyzed the ecological inﬂuence of the Chinese urban household
consumption behavior in 2000 and compared the contribution of different consumption behaviors
to the ecological effect. Yiao et al. [15] accounted for the total amount of products carbon dioxide
emitted by Chinese residents from 1997 to 2007 using the comprehensive life-cycle analysis method
and determined that the products carbon emissions from urban residents was the primary component
3 The Consumer Lifestyle Approach (CLA), based on
of household consumption products emissions. 
household consumer goods, calculates the carbon emissions from each type of consumption activity
according to the expenditure of each category of consumer goods. Bin et al. [16] analyzed the relation
between the energy consumption and carbon emissions of American residents using the consumer
lifestyle approach and presented a detailed calculation method of the energy and products carbon
emissions of residents’ consumption. Wei et al. [17] studied carbon emissions from the end energy
consumption of rural and urban residents in China from 1999 to 2002 using the consumer lifestyle
approach and determined that the total carbon emissions of residents’ consumption accounted for
approximately 30% of the total carbon emissions. Fan and Wang [18] adopted the consumer lifestyle
method to measure the products carbon emissions of Chinese residents from 1993 to 2007 as well as
the trend in consumption carbon emissions of urban and rural residents per capita.
2.2. Study of the Factors Inﬂuencing the Consumption Carbon Emissions of Households
The research methods of the factors inﬂuencing household consumption carbon emissions
primarily include two types. The ﬁrst type is decomposition analysis, including Index Decomposition
Analysis (IDA) and Structural Decomposition Analysis (SDA). The other type is the environmental
effect (I) = population (P) × afﬂuence (A) × technology (T) (IPAT) equation or STIRPAT model.
Greenring et al. [19] used Di’s index method to analyse 10 countries in the OECD regarding their
carbon emissions from residential terminal services and private transport sectors from 1970 to 1993.
It was determined that the effects of the energy structure of terminal consumption, fuel composition
and energy intensity on the reduction of the intensity of carbon emissions were different. Using the
LMDI model, Chai [20] constructed a complete decomposition model of carbon emissions of urban
residents and evaluated the factors inﬂuencing the daily carbon emissions of Chinese urban residents
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from the perspectives of the consumption pattern, income and family size. Du [21] calculated and
analyzed the inﬂuence of the urban-rural structure, consumption carbon intensity, consumption level
and consumption structure on the products carbon emissions of Chinese residents from 2000 to 2015
using the LMDI model. Wang and Xia [22] used the SDA Model to analyse the factors inﬂuencing
consumption carbon emissions of Chinese residents from 1995 to 2009, and the study determined
that the carbon emissions generated by residents’ consumption were generally increasing during the
study period. However, from the perspective of structure and inﬂuence factors, Chinese residents’
consumption remains in the area of low-carbon development (low-carbon development is a sustainable
development model characterized by low energy consumption, low pollution and low emission, which
is of great signiﬁcance to the sustainable development of economy and society.). Based on the IPAT
equation, Hubacek et al. [23] analyzed the inﬂuence factors of environmental change and carbon
emissions in China and India from 1960 to 2000, and the results indicated that the inﬂuence of wealth
factors on carbon emissions increased and that the inﬂuence of technical factors on carbon emissions
decreased. Hubacek et al. [24] used the IPAT model to analyse the inﬂuence factors of China’s carbon
emissions from 1978 to 2008. The article reported that the increase in economic levels rendered
residents inclined to consume products that generate more carbon emissions in the production process,
leading to increased carbon emissions. Fu et al. [25] analyzed the factors inﬂuencing the products
carbon emissions of Chinese residents from 1996 to 2011 using the STIRPAT model and determined
that per capita output, the energy intensity and energy structure were the primary factors inﬂuencing
the products carbon emissions of residents’ consumption. Tang et al. [26] calculated the energy
carbon emissions of Chinese residents from 1990 to 2014 and used the STIRPAT model to quantify the
effects of variables such as the population size, energy structure, household consumption level and
urbanization rate on China’s consumption of energy carbon emissions. Based on China’s provincial
data from 2003 to 2012, Ji et al. [27] constructed the dynamic panel data model of the inﬂuencing
factors of energy carbon emissions from households using the extended STIRPAT model. Based on
the extended STIRPAT model, Richard [28] analyzed the inﬂuencing factors of energy consumption
in 14 countries in the EU from 1960 to 2000. The study found that the total population, urbanization
rate, per capita GDP, and the proportion of people over 65 years of age had catalytic effects on
energy consumption, and the impact of GDP per capita on energy consumption was consistent with
the Kuznets hypothesis. To examine the determinants of nitrogen oxides (NOx) emissions in the
Community of Madrid in Spain, which is one of the most densely populated regions in Europe,
Tiziana et al. [29] used an extended STIRPAT model to analyse the effects of the total population,
income level, the population over 64 years of age and the proportion of male population aged 22–55 to
the emission of NOx. Rosalia et al. [30] extended the classic Pressure-State-Response model. And the
effects of GDP, urbanization rate, 0–14-year-old children’s ratio on the emission of carbon monoxide
(CO), nitrogen oxides (NOx) and volatile organic compounds (VOC) in European Union countries in
1995–2005 were analyzed. Brantley [31] summarized the literatures, which used the STIRPAT model
to study the impacts of total population, age structure, family size and urbanization rate on carbon
emissions. This paper summarizes the methods, conclusions, and limitations of existing studies as
presented in Table 1.
On the whole, the majority of the literature concerns the total carbon emissions of household
consumption and their inﬂuencing factors at the national level or in the single area. There are few
studies on the provincial level, which cannot fully reﬂect the consumption carbon emissions of Chinese
residents from the spatial scope. In the selection of inﬂuencing factors, most scholars use a single
population to examine the effect of demographic changes on the total carbon emissions of household
consumption without analyzing the demographic structure. With the development of human society,
population structure has become an important component of the population problem and should be
included in the ﬁeld of investigation.
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Scale calculation of
household
consumption carbon
emissions

Research Topics

Life-Cycle Analysis (LCA)

Comprehensive Life-Cycle Analysis

Jingru Liu et al.
[14]

Liang Yao et al. [15]

Non-Competitive-Input-Output
Analysis

Shuijun Peng et al.
[11]

Input-Output Analysis

Quasi-Multi-Region-Input-Output
(QMRIO)

Druckman et al.
[10]

Xu Tian et al. [13]

Research Methods

Author

Research Limitations
Only accounted for data from 2004; it is not possible
to examine the trend of household consumption
carbon emissions in the UK vertically.

Using interval data to account for four years of
household consumption carbon emissions, the
analysis year was inconsistent and less.

The analysis with interval data cannot continuously
reﬂect the change and development of household
consumption carbon emissions. In this single area of
Liaoning, there was no comparative analysis
between regions.

The traditional LCA model was used to study only
the environmental effect within the system boundary,
ignoring the environmental effect outside the system
boundary, and the evaluation scope was incomplete.

Although Comprehensive Life Cycle Analysis was
adopted, the data were not available. The accounting
year was too small and inconsistent and cannot fully
reﬂect the change rule of products carbon emissions
of residents’ consumption. The input-output table
was a value type, the environmental effect was a
physical type, and the combination of the two also
resulted in inaccurate accounting.

Research Process and Primary Conclusions
The 2004 British household consumption carbon emissions
were calculated based on the quasi-multi-region-input-output
model. The study determined that the primary source of
household carbon emissions in Britain was consumption of
recreational and leisure goods.
Based on the non-competitive input-output model, the
consumption carbon emissions and their sectoral distribution
of Chinese residents from 1992 to 2007 were estimated. The
results indicated that the total carbon emissions of Chinese
residents during the study period demonstrated a rapid
growth trend, which is an important component of total
carbon emissions. Products carbon emissions from residents
are the primary component of total carbon emissions of
residents, and the majority of them come from the
consumption activities of urban residents.
The carbon emissions coefﬁcient method and the input-output
model method were used to calculate the total carbon
emissions of households in Liaoning Province in 1997, 2002
and 2007. The time change and urban-rural difference of total
carbon emissions of households in Liaoning Province were
analyzed. It was determined that the total carbon emissions of
households in Liaoning province was increasing during the
study period, the products carbon emissions from households
was the primary source of total carbon emissions, and the
difference between urban and rural residents was signiﬁcant.
Based on the LCA model, this paper constructed a sustainable
consumption evaluation model to calculate the products
carbon emissions of Chinese urban household consumption in
2000 and compared the ecological effects of consumption
behavior. The study determined that the most important
effect on household consumption products carbon emissions
was trafﬁc-related consumption behavior, followed by food
and housing.
The LCA method and the input-output table were combined
to calculate the products carbon emissions of Chinese
residents from 1997–2007. The study determined that the
products carbon emissions of household consumption in 2007
were 1.61 times that of household consumption in 1997; the
average annual growth rate was 4.89%.

Table 1. Summary of household consumption carbon emission research.
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Inﬂuential factor
analysis of household
consumption carbon
emissions

Research Topics

Di’s index method

IPAT model

Greenring et al.
[19]

Hubacek et al. [23]

Extended STIRPAT and Kaya model

Consumer Lifestyle Approach (CLA)

Yiming Wei et al.
[17]

Zhiying Ji et al. [27]

Research Methods

Author

Research Limitations
The lack of consideration of industrial relevance in
CLA method may underestimate the products
carbon emissions of households.

Although the use of Di’s index method can reﬂect
the inﬂuence of various factors on the direction and
extent of household consumption carbon emissions,
there is an inability to establish a relation between
the appropriate predictions.
Using the IPAT equation, we can change one of the
factors by ﬁxing other factors to analyse the problem,
assuming that the inﬂuence of each factor on the
dependent variable is equal to the actual situation.
However, in real life, the changes in various factors
are not equal.

This article examined only the household
consumption energy carbon emissions. There was no
analysis of household consumption products carbon
emissions. Therefore, the article cannot fully reﬂect
China’s household consumption carbon emissions.

Research Process and Primary Conclusions
The Consumer Lifestyle Approach (CLA) was used to account
for China’s urban and rural residents’ consumption of carbon
emissions from 1999–2002. It determined that approximately
26% of energy consumption and 30% of carbon emissions
came from residents’ consumption activities.
The carbon emissions of ten countries in the OECD were
analyzed for their carbon emissions from residential terminal
services and private transport sectors from 1970–1993 using
Di’s Index method. It was determined that the effects of the
energy structure of terminal consumption, fuel composition
and energy intensity on the reduction of carbon emission
intensity differed.
Based on the IPAT equation, the inﬂuence factors of
environmental change and carbon emissions in China and
India from 1960–2000 were analyzed. The results indicated
that the inﬂuence of wealth factors on carbon emissions
increased and the inﬂuence of technical factors on carbon
emission decreased.
Based on the calculation of the energy consumption carbon
emissions of Chinese households from 2003–2012, the
inﬂuence factors of energy carbon emissions from residents’
consumption were analyzed using the extended STIRPAT
model and KAYA model. It was determined that the
population size, consumption level, energy consumption
structure, carbon emission intensity, energy consumption
intensity and urbanization signiﬁcantly affected residents’
energy carbon emissions, and there were differences between
urban and rural factors.

Table 1. Cont.
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This paper measured the total carbon emissions of China’s households from 2006 to 2015 at the
provincial level. Therefore, this paper can provide support for a comprehensive forecast of the future
development trend of China’s household consumption total carbon emissions and guidance on the
government’s policy for formulating targeted emission reduction policies according to the differences
in the total carbon emissions of households in different regions. This article introduced the ratio of
children 0–14 and gender ratio. These two factors can be used to study the effect of demographic
changes on the total carbon emissions of household consumption. China is now vigorously pursuing a
comprehensive fetus policy, and China’s current gender ratio is seriously unbalanced (in 2015, it was
105.02). In this context, it is possible to provide theoretical guidance for China to specify a reasonable
population policy to promote sustainable low-carbon development by studying the 0–14-year-old
children’s ratio and gender ratio.
The following sections of this article are arranged as follows: the third section introduces the
calculation method of the total carbon emissions of household consumption, presents the model
construction of the factors affecting the total carbon emissions of household consumption and provides
a data explanation. The fourth section analyses the results of the total carbon emissions of household
consumption and the results of the model construction. The ﬁfth section, the discussion section,
compares the similarities and differences between this article and previous research and discusses the
limitations of this article. The sixth section includes the conclusions and suggestions for future research.
3. Research Methods and Data Explanation
3.1. Calculation Model of Total Carbon Emissions from Households
Total carbon emissions from households CT are expressed as Equation (1):
CT = C D + C I N

(1)

In Equation (1), CD and CIN indicate energy consumer carbon emissions and products consumer
carbon emissions, respectively.
The method of calculating energy carbon emissions of household consumption adopts the method
of the carbon emission coefﬁcient, and CD is expressed as Equation (2):
CD =

n

∑ Fi Ei

(2)

i =1

In Equation (2), Fi is the carbon emission factor for various energy sources. Ei indicates the
population’s consumption of various energy sources. Data were from the regional energy balance
table in the China Energy Statistics Yearbook (2007–2016) [32]. i = 1, 2, . . . , 5 were used to indicate
the ﬁve types of energy that residents consume in their lives: coal, petroleum, natural gas, electricity
and heat. Choosing these ﬁve kinds of energy products to calculate the energy carbon emission of
Chinese residents’ consumption was mainly based on the previous research [12] and consideration of
the residents’ demand for energy products in real life. The direct consumption of coal by residents is
primarily used for cooking and heating. Especially in rural China, the use of coal is more common; the
direct consumption of petroleum by residents is mainly used for providing fuel (petrol) to vehicles
and cooking (liqueﬁed petroleum gas). It is necessary to emphasize that there are various kinds
of petroleum products. This paper mainly refers to gasoline and liqueﬁed petroleum gas (LPG);
natural gas is mainly used by residents for cooking. There is a greater demand for natural gas in
urban areas; electricity and heat are essential civil energies in residents’ life. The carbon emission
coefﬁcients of the three primary energy sources of coal, petroleum and natural gas are presented in
Table 2. Electricity and heat are two energy sources that do not directly produce carbon emissions
in the process of consumption but produce carbon emissions during production. Thus, the carbon
emission coefﬁcients of electricity and heat (Table 3) must be computed in conjunction with the carbon
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emissions generated by electricity and heat in the production process and their yields, and the formula
for calculating the carbon emission coefﬁcients of electricity is expressed as Equation (3):
3

∑ Fi Ai
i

Felectricity =

(3)

Ielectricity

In Formula (3), FElectricity represents the carbon emission factor of the electricity Fi represents the
carbon emission factor of coal, petroleum and natural gas. Ai represents the amount of coal, petroleum
and natural gas consumed by electricity generation. These data were derived from the regional energy
balance table in the China Energy Statistics Yearbook (2007–2016) [32], i = 1, 2, 3. IElectricity represents
the total supply of electricity.
Similarly, the formula for calculating the carbon emission coefﬁcient of heat is expressed as
Equation (4):
3

∑ Fj A j
Fheat =

j

(4)

Iheat

In Equation (4), Fheat indicates the carbon emission coefﬁcient of heat. Fj represents the carbon
emission factor of coal, petroleum and natural gas. Aj indicates the amount of coal, petroleum and
natural gas consumed by heating, j = 1, 2, 3. Iheat represents the total supply of heat.
Table 2. Carbon emission coefﬁcients for all types of primary energy (ton carbon/ ton tce).
Data Sources

Carbon Emission
Coefﬁcient of Coal

Carbon Emission
Coefﬁcient of Petroleum

Carbon Emission
Coefﬁcient of Natural Gas

DOE [33]/EIA [34]
ORNL [35]

0.70

0.48

0.39

0.72

0.59

0.40

IPCC [36]

0.76

0.59

0.45

National Science and Technology
Commission Climate Change Project [37]

0.73

0.58

0.41

National Development and Reform
Commission Energy Research Institute [38]

0.75

0.58

0.44

Average

0.73

0.56

0.42

Table 3. Carbon emission coefﬁcients of electricity and heat.

Carbon emission coefﬁcient of electricity
(million t carbon/billion kW·h)
Carbon emission coefﬁcient of heat
(million t carbon/10 ˆ 10 kJ)

2006

2007

2008

2009

2010

2011

2012

2013

2014

2015

2.6584

2.4873

2.5100

2.5525

2.4424

2.4236

2.4937

2.4301

2.2887

2.2255

0.0326

0.0329

0.0322

0.0318

0.0329

0.0335

0.0382

0.0343

0.0332

0.0333

Note: The electricity carbon emission coefﬁcient is calculated by Equation (3), and the heat carbon emission
coefﬁcient is calculated by Equation (4).

The calculation of products carbon emissions of household consumption primarily refers to the
research method of Wei [17]. Using the CLA method to calculate the products carbon emissions of
household consumption, the formula is expressed as Equation (5):
CI N =

n

∑ (Qi Pi ) × L

(5)

i =1

In Equation (5), Qi indicates that residents buy consumer goods per capita of consumption
expenditure (data are from the China Statistical Yearbook (2007–2016) [39]). Pi indicates the carbon
emission factor for each consumer product (Table 4). L is the total population (data are from the
China Statistical Yearbook (2007–2016) [39]). Finally, i = 1, 2, . . . , 8 indicates the type of the eight
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major categories of consumer goods: food, clothing, residences, household appliances and supplies,
transportation and communications, culture and entertainment, health care and others. The ofﬁcial
statistics of China divide the household consumption into eight categories, and the eight categories
are subdivided into many small categories. Considering the availability of data, the paper no longer
accounts for the products carbon emissions of residents according to the small subdivided categories.
Table 4. Consumption of consumer goods carbon emission factor table [40] (unit: ton carbon/million).
Consumption Type

Carbon emission Factor
(Ton Carbon/Million)

Consumption Type

Carbon Emission Factor
(Ton Carbon/Million)

Food
Clothing
Residences
Household appliances and supplies

0.66
1.21
2.21
0.52

Transportation and communications
Culture and entertainment
Health care
Others

1.1
0.6
0.9
0.3

3.2. Analysis Model of Factors Affecting Total Carbon Emissions from Households
3.2.1. STIRPAT Model
The IPAT model, can be used to study the effects of demographic, economic and technological
factors on environmental pressure. The IPAT model has been widely used since it was introduced in
the 1970s. However, the IPAT model has limitations, by changing only one of the factors to analyse the
problem, the effect of various factors on the dependent variable is of equal proportions. To overcome
this limitation, Dietz & Rosa (1994) [41] expanded the model into a random form, the STIRPAT model,
the expression of which is Equation (6):
I = aPb Ac T d ε

(6)

In Equation (6), I represents the environmental effect. P, A and T represent the population, wealth
and technology, respectively; a is constant, and b, c and d are indices that can be used to analyse
the nonproportional effects of the changes of various factors on the environment. ε is a random
perturbation term.
In the empirical analysis, we generally take the logarithm of the two sides and obtain the
following models:
(7)
ln I = ln a + b ln P + c ln A + d ln T + ln ε
In Equation (7), the logarithm of the three exponents b, c and d in the model can be estimated
as parameters, and the various inﬂuencing factors can be decomposed and analyzed appropriately,
which provides a theoretical basis for studying the effects of various factors on the environment.
The studies of Du [21], Hubacek [23] and Ji [27] found that population size, living standards,
carbon intensity and industrial structure had signiﬁcant impacts on consumer carbon emissions.
In addition to these factors, Richard [28] and Rosalia [30] introduced age structures in the study of
carbon emissions. Considering the existing research and the actual situation in China, this paper
adds the variable of gender ratio. It is primarily due to the imbalance of gender ratio at present in
China, which leads to differences in consumption habits and consumption structure. Thus, this paper
constructs an extended STIRPAT model of the inﬂuence factors of total carbon emission in residents’
consumption, which is expressed as Equation (8):
ln Cit = β 0 + β 1 ln PSIZEit + β 2 ln CH Iit + β 3 ln SEXit +
β 4 ln RGDPit + β 5 ln GDPCit + β 6 ln I NSTit + αi + μit

(8)

In Equation (8), (i = 1, 2, L, 30) represents 30 provinces in mainland China except Tibet. In this
formula, t(t = 2006, 2007, L, 2015) is the sample observation period. C is the total carbon emissions
of residents’ consumption. PSIZE is the size of the population. CHI is the 0–14-year-old children’s
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ratio. SEX is the gender ratio (female = 100). RGDP is GDP per capita. GDPC is the carbon emissions
intensity. INST is the industrial structure. The data of the population size, 0–14-year-old children’s
ratio, gender ratio, GDP per capita, carbon intensity and industrial structure were all derived from
the Statistical Yearbook of China (2007–2016) [39], and some transformations and calculations have
been made.
3.2.2. Variable Description
1.

2.

3.

4.

5.

6.

Population sizes (PSIZE). This paper used the number of households to represent the population
size factor. Related research indicates that as the household numbers increase, two factors change
in residents’ consumption: one is the increase in the basic unit of consumption, which inevitably
leads to the expansion of the consumption scale and an increase in households’ total carbon
emissions. The second factor is that as the number of households increases, the households shrink
and consumption of some common consumer goods increases, which can also lead to an increase
in the total carbon emissions of household consumption. Therefore, in theory, the increase in
household numbers leads to an increase in the total carbon emissions of household consumption.
Zero-to-fourteen-year-old children’s ratio (CHI). In this paper, the proportion of the 0–14-year-old
children of the total population is represented by CHI. This indicator is a factor that reﬂects
the demographic structure. These children are not part of the working age population, their
consumption type and consumption psychology have particularity, and their proportion changes
inevitably lead to changes in residents’ consumption. The introduction of this variable is of
practical signiﬁcance because of the widespread implementation of the fetus policy.
Gender ratio (SEX). The gender ratio in this article is calculated by the female population = 100.
A higher gender ratio indicates a larger male population. Males and females have different
consumption propensities, and a change in the gender ratio leads to changes in the total carbon
emissions of household consumption. Considering the reality of the gender imbalance in China,
it is also of practical signiﬁcance to introduce this variable.
Per capita income level (RGDP). This paper used GDP per capita to express RGDP. Based on the
2006-year base period, the GDP per capita was reduced by the gross domestic product index,
excluding the effect of the price factor on GDP per capita. If people’s per capita income level is
different, then they have different requirements for environmental and material consumption,
which leads to differences in the total carbon emissions of household consumption. This paper
presents the index as a wealth factor in the STIRPAT model.
Carbon emissions intensity (GDPC). Carbon intensity refers to the amount of carbon emitted by
the one million GDP, or “carbon emissions per unit of GDP”. This index can be used as a technical
factor in the STIRPAT model. If this indicator is low, it will inhibit the total carbon emissions of
household consumption.
Industrial structure (INST). In this paper, the proportion of the second industrial added value
to the GDP was used to express the INST. Production determines consumption; differences in
industrial structures lead to different consumption structures, and differences in consumption
structures affect the total household carbon emissions. Therefore, in addition to the above
variables, which are used to embody the three factors of population, wealth and technology
in the model, this paper introduces the industrial structure, which can reﬂect changes in the
production structure.

The independent variables mentioned above are presents in Table 5 in original units.
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149.3
1354.7
3166.3

8.1
18.4
27.3

94.9
102.8
109.9

0.6
1.9
5.8

0.3
0.4
0.7

27.4
47.7
57.8

Minimum
Mean
Maximum

Minimum
Mean
Maximum

Minimum
Mean
Maximum

Minimum
Mean
Maximum

Minimum
Mean
Maximum

Minimum
Mean
Maximum

CT

PSIZE

CHI

SEX

RGDP

GDPC

INST

2006

3,272,615.9
28,713,827.3
94,772,323.6

Minimum
Mean
Maximum

2007
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26.8
48.3
60.0

0.3
0.4
0.7

0.7
2.2
6.6

95.6
103.0
110.0

8.0
17.8
27.2

151.2
1364.5
3186.1

3,389,096.7
32,423,317.7
109,511,861.9

25.7
49.4
61.5

0.3
0.4
0.7

0.8
2.4
7.1

95.1
103.3
109.8

7.9
17.3
26.0

151.0
1376.1
3181.5

3,810,304.3
38,269,260.8
121,897,595.2

2008

23.5
47.5
56.5

0.3
0.4
0.7

0.9
2.6
7.5

97.3
103.7
114.2

7.6
16.8
24.8

155.7
1393.6
3178.0

4,222,105.6
41,007,200.9
132,347,908.1

2009

24.0
49.1
57.3

0.3
0.4
0.7

1.1
2.9
6.9

101.5
105.7
114.5

8.6
16.5
25.2

162.9
1431.9
3262.8

5,038,779.2
47,447,563.6
15,8443,649.0

2010

23.1
49.7
59.0

0.3
0.4
0.6

1.2
3.2
7.3

95.8
105.1
115.2

8.3
16.3
24.2

162.8
1477.7
3323.1

5,665,363.6
53,344,770.2
1,75,628,659.8

2011

Table 5. Summary statistics for pooled data (n = 300).
2012

22.7
48.6
57.7

0.3
0.4
0.7

1.4
3.5
7.8

98.6
105.1
113.6

8.5
16.3
23.0

168.6
1487.8
3328.2

6,216,264.8
59,916,367.3
194,937,327.9

2013

22.3
47.9
57.3

0.3
0.4
0.6

1.6
3.8
8.3

98.9
105.4
111.7

9.4
16.2
22.1

171.5
1517.0
3476.2

7,042,161.3
65,164,069.3
211,315,200.7

2014

21.3
46.0
54.1

0.3
0.5
0.7

1.7
4.1
8.9

98.2
105.1
118.6

10.1
16.2
22.1

182.8
1528.4
3446.8

9,300,614.5
82,424,758.7
250,312,464.5

2015

19.7
43.3
50.5

0.3
0.5
0.7

1.9
4.4
9.5

100.5
105.7
120.4

9.3
16.3
22.6

169.9
1470.9
3419.1

9,977,888.0
89,278,260.9
274,917,288.0
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The method model and research concept of this paper are presented in Figure 1.

Figure 1. Method ﬂowchart.

4. Results and Analysis
4.1. Calculation and Analysis of the Total Carbon Emissions of China’s Household Consumption
4.1.1. Analysis of The Scale and Composition of the Total Carbon Emissions of China’s
Household Consumption
According to Equation (2), we can estimate the energy carbon emissions of China’s household
consumption from 2006 to 2015, and according to Equation (5), we can estimate the products’ carbon
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emissions of China’s household consumption from 2006 to 2015; the total carbon emissions of China’s
households can be obtained by adding the two together. The changes in the size and composition of
the total carbon emissions of China’s households from 2006 to 2015 are presented in Figure 2.
According to the general trend of change, the energy carbon emissions of China’s household
consumption, products carbon emissions of China’s household consumption and total carbon
emissions of China’s household consumption from 2006 to 2015 are increasing. In 2006, the energy
carbon emissions from China’s households were 190.74 million tons; in 2010, the energy carbon
emissions reached 258.72 million tons, which reﬂected an average annual growth rate of 7.92%. In 2015,
the energy carbon emissions of China’s household consumption grew to 333.44 million tons, with an
average annual growth rate of 5.21% from 2010 to 2015.

Figure 2. The scale and structural change of the total carbon emissions of China’s household
consumption from 2006 to 2015.

In 2006, the products carbon emissions from China’s households were 670.68 million tons; by
2010, the emissions had increased to 1159.52 million tons, an average annual growth rate of 14.67%.
By 2015, the products carbon emissions of China’s household consumption had increased further
to 2344.90 million tons; the annual average growth rate from 2010 to 2015 was 15.12%. In 2006, the
total carbon emissions from China’s households were 861.41 million tons, reaching 1418.24 million
tons in 2010, with an average annual growth rate of 13.27%. In 2015, the total carbon emissions of
China’s household consumption grew to 2678.35 million tons, with an average annual growth rate
of 13.56% from 2010 to 2015. Thus, the rate of the products carbon emissions of China’s household
consumption grew faster than that of the energy carbon emissions of China’s household consumption.
In the future, the products carbon emissions of China’s household consumption will increase further,
which is the primary force stimulating the total carbon emissions from China’s households. In terms of
structural changes, the products carbon emissions of China’s household consumption have accounted
for more than 70% of the total carbon emissions from China’s households from 2006 to 2015. In 2006,
it was 77.86% and grew to 87.55% by 2015. The proportion of energy carbon emissions of China’s
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household consumption has hovered at approximately 20%, and there has been a downward trend
in recent years. With the rapid development of China’s economy and the improvement of living
standards, the people’s desire to consume is strengthened. Thus, the products carbon emissions of
China’s household consumption and total carbon emissions of China’s household consumption are
bound to demonstrate rapid growth. Simultaneously, progress in science and technology and the
promotion of clean energy, such as wind and water, have slowed the growth of the energy carbon
emissions of China’s household consumption.
4.1.2. Analysis of the Regional Characteristics of Total Carbon Emissions from China’s
Household Consumption
Because of the vastness of the Chinese territory, the region’s economic development status,
living habits, population distribution and geographical locations have extremely large differences.
Thus, China’s regional residents’ consumption and consumption structure differ greatly, leading
to regional differences in total carbon emissions from China’s household consumption. Figure 3
presents the spatial distribution of total carbon emissions from China’s household consumption in
2015. Figure 3 indicates clear regional differences in total carbon emissions from China’s household
consumption. There are ten provinces with a total carbon footprint of more than 1 billion tons, whereas
households in the lower provinces consume approximately 10 million tons of total carbon emissions.
Rounding out the top ﬁve are Guangdong (274.92 million tons), Jiangsu (196.05 million tons), Shandong
(176.82 million tons), Zhejiang (167.89 million tons) and Henan (136.93 million tons). The common
characteristics of these provinces are their vast areas and large populations. Although Beijing and
Shanghai do not have the advantages of area and population, they do have developed economies and
population ﬂow; their household consumption total carbon emissions reached 99.87 million tons and
111.59 million tons, which were located in the forefront of 30 provinces. The bottom ﬁve were Qinghai
(9.98 million tons), Ningxia (10.98 million tons), Hainan (14.29 million tons), Gansu (35.22 million tons)
and Xinjiang (42.19 million tons); the majority of these provinces are located in the midwest, in which
there is less population and economic development is relatively backward.
Because products’ carbon emissions accounted for approximately 80% of the total carbon
emissions from China’s household consumption, they are a major component of China’s household
consumption carbon emissions. The geographical distribution of products carbon emissions is identical
to that of the total carbon emissions from China’s households. The same provinces are at the top and
bottom of the list of China’s household consumption products carbon emissions and China’s household
consumption total carbon emissions. The geographical distribution of the energy carbon emissions
of China’s households is quite different from that of the former two. The regional distribution of the
energy carbon emissions of China’s households indicates a signiﬁcant difference between the north
and south, and the energy carbon emissions of households in northern areas are higher than those
in the south, which indicates that the total carbon emissions of China’s households and the products
carbon emissions of China’s households are greatly inﬂuenced by the economic development level
and population factors, whereas the regional distribution of the energy carbon emissions of China’s
households is relatively more vulnerable to the geographical location. Heating in the north consumes
more fossil energy in winter, leading to more energy carbon emissions from households in the north
than in the south as a whole. Liaoning Province, a typical area, ranked thirteenth in the products
carbon emissions of households (81.15 million tons) and fourth in the energy carbon emissions of
household consumption (17.82 million tons).
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Figure 3. The spatial distribution of the total carbon emissions of China’s household consumption
in 2015.

4.1.3. Analysis of the Sources of Energy Carbon Emissions from China’s Household Consumption
The energy carbon emissions of household consumption refer to the carbon emissions produced
by residents’ consumption of energy products in their daily lives. The energy products here refer to
coal, petroleum, natural gas, electricity and heat. Because different energy products have different
levels of cleanliness, different energy consumption combinations affect carbon emissions.
Figure 4 is the contribution of ﬁve energy sources to the energy carbon emissions of China’s
household consumption. As seen in Figure 4, from 2006 to 2015, the carbon emissions generated by
the electricity supply were the primary source of the energy carbon emissions of China’s household
consumption; the proportion of the change was not small, between 40% and 50%. The second-highest
contribution to the energy carbon emissions of China’s household consumption was carbon emissions
from coal consumption; however, the proportion was in a downward trend from 2006 to 2015 and was
reduced to 15.73% by 2015. Carbon emissions from coal consumption are already lower than those
generated by petroleum and heat consumption. Of the three primary sources of energy, coal has the
highest carbon emission coefﬁcient. The reduction of coal consumption is due to the optimization of
the energy consumption structure, which has a certain inhibitory effect on the energy carbon emissions
of China’s household consumption. The total carbon emissions generated by these three types of
energy, petroleum, natural gas and heat, account for approximately 30% of the energy carbon emissions
of China’s household consumption. Although the proportion is not large, it is increasing. In general,
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the carbon emissions generated by residents’ consumption of various energy sources continue to grow,
and the pressure on the environment cannot be ignored.

Figure 4. The contribution of ﬁve energy sources to the energy carbon emissions of China’s
household consumption.

4.1.4. Analysis of the Sources of Products Carbon Emissions from China’s Household Consumption
The products carbon emissions of household consumption refer to the carbon emissions generated
by the consumption of non-energy products in daily life. The products carbon emissions of household
consumption come from household consumption of food, clothing, residences, household appliances
and supplies, transportation and communications, culture and entertainment, health care and other
types of consumer goods.
In this paper, the products carbon emissions of eight types of consumer goods were divided
into a high carbon group and a low carbon group. The high carbon group included residences,
food, transportation and communications. The low carbon group included clothing, culture and
entertainment, health care, household appliances and supplies. Figure 5 presents the change in
products carbon emissions of eight consumer goods and indicates clear differences in products carbon
emissions from different client categories. The largest average amount of carbon emissions comes from
the residence category, and its annual products carbon emissions is 448,060 tons, which is increasing
yearly. In 2006, the products carbon emissions of residences was 1904.3 million tons, which increased
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to 1034.56 million tons in 2015, with an average annual growth rate of 20.69%. The residence rate
was followed by food (316.49 million tons) and transportation and communications (19,849 million
tons). Products carbon emissions from the ﬁrst three high carbon sequestrations accounted for 71.78%
of the products carbon emissions of all eight types of consumer goods. Products carbon emissions
from other and household appliances and supplies were low, accounting for only 4.21 percent of the
total products carbon emissions of household consumption. Clearly, the products carbon emissions
of China’s household consumption are characterized by a high concentration in the consumption
category. In general, the products carbon emissions of eight consumer products are increasing yearly,
which places increasingly more pressure on the environment.

Figure 5. The change in products carbon emissions of eight consumer goods.

Summary: The total carbon emissions of China’s household consumption increased during
the study period, and the regional differences are clear. The consumption mix of different
energy and non-energy products signiﬁcantly affected the total carbon emissions of China’s
household consumption.
4.2. Analyses of the Factors Inﬂuencing the Total Carbon Emissions of China’s Household Consumption
4.2.1. Parameter Estimation Results of Panel Data Model
Based on panel data of 30 provinces in China from 2006 to 2015, this paper used the developed
STIRPAT model to analyse the factors inﬂuencing the total carbon emissions of China’s household
consumption using Stata12.0 software.
In order to determine whether the impact of GDP per capita on China’s consumption of total
carbon emissions was consistent with the Kuznets hypothesis, the square of GDP per capita was
introduced as an explanatory variable in model (1) [25]. If the coefﬁcient of the square of GDP per
capita was negative and the t-test under a given condition was adopted, it indicates that the impact
of GDP per capita on the total carbon emission of Chinese residents was consistent with the Kuznets
hypothesis. The Hausman test results of model (1) and model (2) were shown in Table 6, and both
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model (1) and model (2) chose ﬁxed effect model. The estimation results of the ﬁxed effect model were
presented in Table 7. In the model (1), the coefﬁcient of the square of GDP per capita did not pass the
t-test, which showed that the impact of GDP per capita on the consumption of carbon emissions by
Chinese residents did not conform to the Kuznets hypothesis. Further, the square of GDP per capita
was removed from the model (1) to obtain the model (2). From the estimation results of model (2),
regression models adjusted R2 is close to 1, and the overall signiﬁcance test of the model of the F test
indicated that the p value was less than 0.05; thus, the overall model ﬁtting effect was good. All of the
coefﬁcients of the explanatory variables passed the t test under the given condition, and the ﬁtting
effect of each coefﬁcient was good.
Table 6. Hausman Test.
Inspection

Chi square Statistic

p Value

Model (1)
Model (2)

93.69
79.99

0.0000
0.0000

Table 7. Estimated results of ﬁxed effect model.
Statistics

Model (1)

Model (2)

lnPSIZE
lnCHI
lnSEX
lnRGDP
(lnRGDP)2
lnGDPC
lnINST
β0 (constant)
Individual effects
Time effect
N
Adjusted R2
F
P

0.7735 *** (8.46)
0.5572 *** (6.28)
0.3097 * (1.66)
1.1009 *** (27.75)
0.0132 (0.63)
0.0839 *** (4.08)
−0.5685 *** (−8.09)
9.6374 *** (9.00)
yes
no
300
0.9649
1033.5500
0.0000

0.7903 *** (9.05)
0.5729 *** (6.74)
0.3282 * (1.79)
1.1215 *** (50.48)
0.08389 *** (4.09)
−0.5831 *** (−8.81)
9.4422 *** (9.22)
yes
no
300
0.9649
1208.6400
0.0000

Note: *** and * indicate that the statistical quantity is signiﬁcant at the signiﬁcance level of 1% and 10%, respectively.

4.2.2. Analysis of Inﬂuencing Factors
1.

2.

The inﬂuence coefﬁcient of the number of households is 0.7903, which indicates that the increase in
the number of households will lead to an increase in total carbon emissions of China’s household
consumption. First, the increase in the number of households indicates the increase in the number
of basic units of consumption, which will lead to the expansion of the consumption scale and
hence to an increase in total household carbon emissions. Second, the increase in the number of
households represents, to a certain extent, shrinking family units and some increase in the public
consumption of consumer goods, which will lead to an increase in the total carbon emissions
from China’s households.
The inﬂuence factor of the age structure factor of the 0–14-year-old children’s ratio was 0.5729.
Considering other invariable factors, each additional unit will lead to a 0.5729 increase in total
carbon emissions from China’s households, with a signiﬁcant effect on the total carbon emissions
of China’s household consumption. This is because education expenditure accounts for about
7% [6] of household consumption expenditure, which has a great impact on family consumption
tendency. The effect of increasing the ratio of total carbon emissions from household consumption
is more complicated [42]: in the short term, education expenses will stimulate the growth of
household consumption and thus lead to an increase in the total carbon emissions from household
consumption. In the long run, the increase in the number of children will increase social and
26

Energies 2018, 11, 1125

3.

4.

5.

6.

economic burdens, such as parents meeting their children’s consumption needs, which may
inhibit the fulﬁlment of the parents’ own needs. At the national level, society as a whole must
devote more human, physical and ﬁnancial resources to protecting and raising children and
adolescents, which will certainly reduce investment in other areas. Thus, the increase in the
number of children in the long term will inhibit economic growth, thereby indirectly reducing
total carbon emissions from households. At present, the role of Chinese children in the total
carbon emissions from household consumption is primarily reﬂected in the short-term effects
(the inﬂuence coefﬁcient is positive); thus, with the implementation of the fetus policy, the total
carbon emissions of China’s household consumption will be further increased.
The inﬂuence coefﬁcient of the gender ratio was 0.3282, indicating that with other factors
unchanged, the total carbon emissions of China’s household consumption will increase by
0.3282 units per unit of increase in the gender ratio. Compared with the age factor, the gender
ratio has a weaker effect on the carbon emissions from China’s household consumption. People
of different genders have different needs for consumer goods, which leads to the difference
of consumption carbon emissions. According to a previous article, of the eight consumer
products of residents, the high-carbon group includes residences, food and transportation and
communications, accounting for 71.78% of the products carbon emissions of China’s household
consumption. Among these three types of consumer goods, the consumption of residences is
mostly family public consumption, and the gender difference does not have much inﬂuence in
this area. In terms of food consumption, for physiological reasons, men consume more food than
women and are more likely to consume meat, leading to higher products carbon emissions from
food consumption than women. In the area of transportation and communications, the majority
of people who buy private cars are male, which leads men to consume more than women in this
area. Products carbon emissions from men’s consumption in transportation and communications
are higher than women’s. With the implementation of the fetus policy, the imbalance of the
gender ratio will improve; in the long run, the development trend of China’s gender ratio is
conducive to reducing the total carbon emissions of household consumption.
The absolute value of the effect coefﬁcient of the per capita GDP is the largest (1.1215) and has
the most signiﬁcant effect on the total carbon emissions of China’s household consumption. First,
the per capita GDP is higher, indicating that the living standards of the residents in the region are
higher and that they are more inclined to high-energy consumption and high-carbon emission
products. Second, GDP per capita reﬂects the overall level of economic development in the
region. Higher levels of economic development lead to greater production and consumption
demands supported by the entire region’s economic development and the inevitable increase in
total carbon emissions from household consumption.
The inﬂuence coefﬁcient of the technical factor of the carbon emission intensity is 0.0839, which
trends in the same direction as the total carbon emissions of China’s household consumption.
Therefore, the improvement of technology can promote the improvement of energy use efﬁciency,
thereby inhibiting the total carbon emissions of household consumption, which is an effective
manner in which to reduce the total carbon emissions of household consumption.
The inﬂuence coefﬁcient of the industrial structure on the total carbon emissions of household
consumption is -0.6236. In recent years, with the development of China’s economy and the
upgrading of the industrial structure, tertiary industry has developed rapidly. The improvement
in people’s living standards has caused people to no longer be satisﬁed with the basic necessities of
food and clothing and has increased the consumption demand for entertainment and enjoyment,
which are mostly in tertiary industries. Therefore, the development trend of China’s industrial
structure and the total carbon emissions of China’s household consumption are moving in the
reverse direction.

Summary: The number of households, 0–14-year-old children’s ratio, gender ratio, GDP per
capita and carbon emissions intensity are moving in the same direction as the total carbon emissions of
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China’s household consumption. The industrial structure and carbon emissions of China’s household
consumption are moving in the opposite direction.
5. Discussion
5.1. Comparisons between this Paper and Previous Studies
This paper measures the total carbon emissions from household consumption in 30 provinces
in China from 2006 to 2015 and analyses their inﬂuencing factors based on the STIRPAT model.
The research results of this paper have similarities with and differences from previous studies.
With regard to the scale and composition of total carbon emissions of China’s household
consumption, this paper and the studies of Peng [11], Wu [12], Wei [17], and Tang [26] observed
that the total carbon emissions of China’s household consumption increased during the study period.
Products carbon emissions from households are the primary component of the total carbon emissions
from households. This is because as the standard of living of Chinese residents increases, people’s
consumption increases and they tend to consume products that produce more carbon emissions in
the production process; therefore, the total carbon emissions of household consumption is increasing.
However, this article observed that carbon emissions from residents’ consumption of electricity are
the focal components of energy carbon emissions from China’s households. In products carbon
emissions of China’s household consumption, products carbon emissions from residents’ consumption
of transportation and communications occupy three of the eight categories of consumer goods.
Products carbon emissions from residents’ consumption of culture and entertainment are ranked
ﬁfth. The research results of Wei et al. [17] indicated that the energy carbon emissions of China’s
household consumption were primarily from residents’ consumption of coal. In products carbon
emissions of China’s household consumption, the residents’ products carbon emissions from culture
and entertainment consumption were higher than the residents’ products carbon emissions from
transportation and communications consumption. This is because the research period of Wei et al. [17]
was from 1999 to 2002, and the research period of this paper was from 2006 to 2015. As time passed,
residents’ consumption of energy products diversiﬁed; residents tended to consume more clean
energy and consume less coal. In recent years, trafﬁc communication products have rapidly been
popularized, and private cars and mobile phones have caused residents’ consumption of transportation
and communications to increase signiﬁcantly.
The analysis of the factors inﬂuencing the total carbon emissions of China’s household
consumption, consistent with Du [21], Fu [25], and Ji [27] et al., determined that the population
size, per capita GDP and carbon emission intensity have a driving effect on China’s household
consumption total carbon emissions. However, this paper argues that the effect of the per capita GDP
on China’s household consumption total carbon emissions has exceeded the population size factor,
which differs from previous research. The effects of economic development on total carbon emissions
from household consumption extends beyond the demographic factor: this gap will widen further
in the future, and the effect of economic factors on the total carbon emissions of China’s household
consumption will be increasingly more signiﬁcant.
5.2. Signiﬁcance of This Study in Other Countries and the Limitations of This Study
The methods and the conclusions of this paper not only apply to China but also to other countries.
In recent years, the birth rate in developing countries has remained high. Residents’ consumption
presents a new and changing characteristic, which will lead to further aggravation of carbon emissions
from household consumption. Richard et al. [28] found that the increase in total population was the
main factor that led to the increase of energy consumption in EU countries. This is consistent with
the conclusion of this paper, which shows that the impact of total population on energy consumption
and carbon emissions is the same in different countries. Yeh et al. [43] found that the increase in
population and the proportion of the working-age population will lead to an increase in energy
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consumption in Taiwan. This is consistent with the ﬁndings of this study, which show that changes
in population and population structure have signiﬁcant effects on energy consumption and carbon
emissions. Because of the diminishing efﬁciency of industrial emissions reduction, it is obviously more
effective and reasonable to reduce carbon emissions from the consumer side. To measure the products
carbon emissions of China’s household consumption in consecutive years, this paper adopted the
Consumer Lifestyle Approach (CLA), which measures the products carbon emissions from terminal
consumption. Because there is no combination of an input-output table and a lack of dependence on
industry, products carbon emissions from household consumption may be underestimated.
6. Conclusions and Suggestions
6.1. Conclusions
In this paper, the carbon emissions coefﬁcient method and Consumer Lifestyle Approach (CLA)
were used to measure the total carbon emissions of China’s household consumption from 2006 to
2015. This paper analyzed the spatio-temporal characteristics of total carbon emissions from China’s
households and the sources of total carbon emissions from China’s households. On this basis, using
the STIRPAT model as the theoretical basis, this paper expanded the model by introducing factors
such as the number of households, 0–14-year-old children’s ratio, gender ratio, per capita GDP, carbon
emissions intensity and industrial structure; constructed the panel data model of the total carbon
emissions of China’s household consumption; and analyzed the effects of six factors on the total carbon
emissions of China’s household consumption. Main conclusions of this paper are shown in Table 8.
The research of this paper resulted in the following conclusions:
First, in terms of the scale and structural changes of total carbon emissions from China’s
households, energy and products carbon emissions and total carbon emissions from China’s
households have been increasing in recent decades. Products carbon emissions from China’s
households are the primary source and primary driving force of the total carbon emissions of China’s
household consumption. With the further development of the economy, the total carbon emissions of
China’s household consumption will continue to increase over a long period of time.
Second, in terms of the spatial distribution of the total carbon emissions from China’s households,
the results indicated that the high-carbon platoon is primarily distributed in the east and the middle
region and that the carbon emissions level is low in the western region, which is primarily inﬂuenced
by regional economic development levels. The regional distribution of energy carbon emissions from
China’s households is also affected by geographical factors, such as the geographical location; its
regional distribution demonstrates clear north-south differences, and the energy carbon emissions
from households is higher in the north than in the south.
Third, with regard to the source of total carbon emissions from China’s households, the proportion
of carbon emissions generated by electricity and coal consumption in energy carbon emissions from
China’s household consumption is greater, representing 47% and 22% of energy carbon emissions from
China’s household consumption in the past decade, respectively. For products carbon emissions of
China’s household consumption, residences, food, and transportation and communications belong
to the high carbon emissions group. Products carbon emissions of these three types of high-carbon
emission products account for more than 70% of the total products carbon emissions.
Finally, with regard to the effects of the variables on the total carbon emissions from China’s
households, the number of households, 0–14-year-old children’s ratio, gender ratio, GDP per capita
and carbon emissions intensity were positively correlated with the total carbon emissions of China’s
household consumption. The industrial structure was negatively correlated with the total carbon
emissions of China’s household consumption.
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Inﬂuential factor analysis of
household consumption
carbon emissions

Scale calculation of household
consumption carbon emissions

Economic factor

Demographic factors

Energy carbon
emissions

CHI = 0.5729
SEX = 0.3282

RGDP = 1.1215

About 40% of the energy carbon
emissions came from the
consumption of electricity.

The energy carbon emissions of households increased from
190.74 million tons to 333.44 million tons in 2006–2015, with
an average annual growth rate of 6.40%.

Products carbon
emissions

Coefﬁcients of
factors

About 33.39% of the products
carbon emissions came from the
consumption of residences.

The products carbon emissions of households increased
from 670.68 million tons to 2344.90 million tons in
2006–2015, with an average annual growth rate of 14.92%.

Total carbon
emissions

PSIZE = 0.7903

Main Component
About 80% of the total carbon
emissions came from products
carbon emissions.

Trend of Change
The total carbon emissions of households increased from
861.41 million tons to 2678.35 million tons in 2006–2015,
with an average annual growth rate of 13.43%.

Table 8. Main conclusions of this paper.
Regional Distribution

GDPC = 0.0839

Technical factor

High carbon areas were mainly
in the North.

High carbon areas were mainly
located in the eastern and
central regions.

High carbon areas were mainly
located in the eastern and
central regions.
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6.2. Suggestions
According to the study, consumption carbon emission of Chinese residents was still on the rise,
and the regional distribution was obviously different. Demographic, economic and technological
factors had signiﬁcant impacts on Chinese residents’ consumption of carbon emissions. Therefore, in
terms of policy design, the ﬁrst step should be to formulate targeted policies to guide and encourage
residents to adopt low-carbon consumption patterns, and secondly, to improve energy use efﬁciency
and reduce carbon intensity by promoting technological innovation.
In response to a series of emission reduction policies and plans currently formulated by the
Chinese government, combined with the existing research, this article speciﬁcally put forward the
following recommendations:
(1)

(2)

Many of China’s current administrative policies have helped curb the increase in consumer
carbon emissions, but further improvements are needed. The carbon intensity regulation policy
can promote the production sector to optimize the energy supply structure, and increase the
supply of the energy with lower carbon emission factor. So the policy plays a guiding role in the
consumption of residents. Such a policy would also increase the price of energy products with
higher carbon emissions, leading residents to voluntarily choose clean energy. But at present,
China mainly promotes the implementation of carbon intensity control by administrative means,
lack of legislative support. Therefore the government should strengthen the formulation of
supporting legal system in the future; low-carbon labeling policies can help consumers identify
low-carbon products, but such policies need to be complemented by promotional and price
incentives. Therefore, the government should increase the low carbon propaganda, expand
low-carbon propaganda channels. Advocacy through the popular mobile phone app is a good
choice. The Government should also increase the subsidy for the residents to buy low energy
products; Step electricity price policy can promote the residents to form a low-carbon lifestyle,
and can be extended to the heating aspect; China’s two-child policy and the prohibition of illegal
gender identiﬁcation policy in the long run are conducive to curb the increase in consumer carbon
emissions. So these policies should be continued to be implemented, and supplemented by
public propaganda.
The policies of energy saving and emission reduction based on market regulation mainly includes
establishing carbon trading market and levying carbon tax. China has set up a nationwide carbon
trading market, but has not yet implemented a carbon tax policy. As with carbon intensity
regulation, carbon trading markets also indirectly regulate consumer carbon emissions through
the production sector. The establishment of a carbon trading market can promote the optimal
distribution of carbon emission rights, which will undoubtedly reduce the cost of China’s emission
reduction. But China’s carbon trading market has been established late, a series of regulatory and
regulatory policies are not yet standardized, the Chinese government needs improve it based on
the actual situation and draw on the experience of developed countries; Carbon tax policy is also
an effective way to promote the early completion of carbon peak in China, but the levy of the
carbon tax needs to consider the issue of fairness and public acceptance. It is a good choice to
carry out a progressive tax rate and return the carbon tax to companies and residents.
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Abstract: CO2 emissions caused by household consumption have become one of the main sources
of greenhouse gas emissions. Studying household CO2 emissions (HCEs) is of great signiﬁcance to
energy conservation and emissions reduction. In this study, we quantitatively analyzed the direct and
indirect CO2 emissions by urban and rural households in Beijing, Tianjin, Shanghai, and Chongqing.
The results show that urban total HCEs are larger than rural total HCEs for the four megacities.
Urban total per capita household CO2 emissions (PHCEs) are larger than rural total PHCEs in Beijing,
Tianjin, and Chongqing, while rural total PHCEs in Shanghai are larger than urban total PHCEs.
Electricity and hot water production and supply was the largest contributor of indirect HCEs for both
rural and urban households. Beijing, Tianjin, Shanghai, and Chongqing outsourced a large amount of
indirect CO2 emissions to their neighboring provinces.
Keywords: household CO2 emissions (HCEs); per capita household CO2 emissions (PHCEs);
input–output model

1. Introduction
CO2 is increasing rapidly due to human activities. Cities are related to about 70–80% of the global
carbon emissions: as the main locus of human economic activities and energy consumption, cities
play an important role in implementing carbon reduction policies [1–3]. Inhabitants of cities are a
key driving force of greenhouse gas (GHG) emissions due to global urbanization development [4].
Biesiot and Noorman [5] proposed that “most of the environmental load in an economy can be
allocated to households”. The consumption of goods and services in households plays a key role for
energy use and CO2 emissions, especially for developing countries [6]. The activities of consumers
(i.e., personal transportation, personal services, and homes) accounts for 45–55% of total energy
consumption [7]. Among the key determinants of household energy requirements are socio-economic,
demographic, geographic and residential factors [8,9]. Therefore, the consumption patterns of
households differ widely within countries, because household characteristics vary (e.g., personal
income, household size and related age, the level of education). These factors usually indicate
variance in rural and urban areas, meaning that the trajectory of energy consumption in these areas
is different [10]. As such, it is signiﬁcant to study urban and rural energy consumption and CO2
emissions at a city scale.
Energies 2018, 11, 1257; doi:10.3390/en11051257
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China has promised to achieve peak CO2 emissions around 2030 and to make their best efforts to
achieve this goal earlier (National Development & Reform Commission of China, 2015). Given that
China’s regions have different resource endowments, energy structures, and economic development
levels, China has delegated emissions reduction targets to the lower administrative units [11,12].
Tackling global climate change needs to be integrated into city management [13]. Beijing, Tianjin,
Shanghai, and Chongqing, as the four municipalities of China, are the economic leaders for other
provinces and cities. Thus, these four metropolitan areas’ household CO2 emissions (HCEs) and
per capita household CO2 emissions (PHCEs) need to be studied as examples for other provinces to
make policies about energy conservation and emission reduction. On the other hand, the existing
research on HCEs at a micro level are mostly based on survey data [14], which provides useful
and detailed information for community and households. However, the indirect CO2 emissions
caused by consuming goods and services have not been considered. Park and Heo [15] quantiﬁed
the direct and indirect energy use of Korean households from 1980 to 2000 and found that the share
of indirect household energy consumption accounts for above 60% of the total energy consumption.
Markaki et al. [16] found that indirect emissions of Greek households accounted for more than 70%
of the total carbon footprint. Therefore, it is essential to evaluate the indirect CO2 emissions when
making policies for household emission reduction. In addition, due to the characteristics of survey
data, the results have great uncertainties. It may be difﬁcult for city planners and policy-makers to
establish and implement united environmental practices. In light of the above, we adopted the data
from the National Bureau of Statistics and an input–output table in this study to estimate direct and
indirect CO2 emissions of urban and rural households in Beijing, Tianjin, Shanghai, and Chongqing.
Household energy consumption is a subject that has attracted considerable scholarly
interest. Frequently, studies of household energy consumption, household carbon/CO2 emissions,
and household carbon footprints have been springing up. Some scholars made cross-national
comparative studies. For example, Reinders et al. [17] investigated both the direct and indirect energy
use of households in 11 EU member countries. Sommer and Kratena [18], and Ivanova et al. [19]
calculated the household carbon footprint in the EU27. Lenzen et al. [20] comparatively analyzed
the energy requirements of the household sector in Australia, Brazil, Denmark, India, and Japan.
Maraseni et al. [21] compared the household carbon emissions between China, Canada, and the UK.
Kerkhof et al. [6] examined the household CO2 emissions of Netherlands, UK, Sweden, and Norway.
Brizga et al. [22] estimated the household CO2 emissions for the three Baltic States (Estonia, Latvia,
and Lithuania). Their results show that per capita household CO2 emissions (PHCEs) in developing
countries were much lower than developed countries, while the indirect energy consumption in the
sectors of housing, food, beverages, and tobacco, and recreation and culture, and hotel, cafes and
restaurants vary signiﬁcantly per country.
Some research based on a national scale has also been widely studied [23–32]. For instance,
Baiocchi et al. [33] pointed out that private households accounted for 75% of the total UK CO2
emissions, whereas China’s household energy consumption was about 25% of the total ﬁnal energy
consumption [34]. With the economic development and improvement of peoples’ living standards,
the share of household CO2 emissions is supposed to increase; for example, carbon footprint per
household in Norwegian increased by 26% between 1999 and 2012 [35].
There are some household CO2 emissions studies at the micro scale, such as Sydney, Australia [36],
Melbourne, Australia [1], Xiamen, China [37], Tianjin, China [38], and Noakhali, Bangladesh [10].
In China, due to the regional differences between economic structure, resource endowment, industry
structure, consumption structures and patterns, urban household CO2 emissions in eastern regions
were much larger, while the provinces in undeveloped western regions had the smallest carbon
footprint [39,40].
The analysis of social structures and their evolution trends could inform the government planners
and households [41]. In order to ﬁnd out the impacts of socio-economic factors on household CO2
emissions, many variables, such as population, afﬂuence, energy intensity, the urbanization level,
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employment rate, and the share of the tertiary industry, are considered. A large amount of research
has shown that household energy requirements, carbon emissions and carbon footprint are closely
related to income [42], level of education [43], age [36], gender [38], occupation [14], household
size [44], urbanization [45], car ownership [43], urban density [46,47], consumption patterns [48,49],
and imports [50]. Different methods, such as index decomposition analysis (IDA) [51], logarithmic
mean Divisia index (LMDI) [52], and Stochastic Impacts by Regression on Population, Afﬂuence,
and Technology (STIRPAT)model [53,54] were adopted. More discussions can be seen in the review by
Zhang et al. [2]. However, the similarities and differences of the direct and indirect HCEs between the
urban and rural households are the focus in this study.
2. Materials and Methods
2.1. Household CO2 Emissions
Household CO2 emissions include both direct and indirect components of energy consumption.
Direct energy consumption refers to the end use of energy, such as for lighting and space heating.
Indirect energy, also referred to as “embodied energy,” is the amount of energy use throughout the
production of goods and services used by households [55,56]. The framework of household CO2
emissions accounting is shown in Figure 1.

Figure 1. The framework of household CO2 emissions accounting.

2.1.1. Direct CO2 Emissions
For direct energy consumption in Beijing’s households, we mainly consider coal, oil, natural
gas, electricity, and heat. In order to calculate CO2 emissions for a given energy type, we multiplied
its use by a carbon emission coefﬁcient and then added up the results. Expressed mathematically,
the procedure is as follows:
DC = ∑ ECi •Coe f i
(1)
i

where DC represents the direct CO2 emissions and ECi denotes direct energy consumption of each
energy variety i. Coe f i is the CO2 coefﬁcient for each energy variety i. According to Equation (1), we
can calculate the direct CO2 emissions of urban and rural households, respectively.
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2.1.2. Indirect CO2 Emissions
Based on the input–output model, a region’s indirect CO2 emissions can be obtained by
IndC = InCoe f •( I − A)−1 •Y

(2)

where IndC denotes the indirect CO2 emissions, InCoe f is the CO2 coefﬁcient of each sector, I is the
identity matrix, A is the intermediate consumption coefﬁcients, and Y is the household ﬁnal demand.
2.1.3. Total CO2 Emissions
Total CO2 emissions are obtained by summing the direct CO2 emissions and the indirect CO2
emissions, as shown in Equation (3). TC represents the total CO2 emissions for urban or rural
households. We calculated both urban and rural households’ CO2 emissions in this study.
TC = DC + IndC

(3)

2.1.4. Total CO2 Emissions Per Capita
Total CO2 emissions per capita are obtained by total CO2 emissions divided by the population:
PC = TC/P

(4)

where PC and P denote the PHCEs and population, respectively.
2.2. Data
In this paper, energy consumption data are obtained from the China Energy Statistical
Yearbook [57] compiled by the Department of Energy Statistics, National Bureau of Statistics
(2008–2016). Direct CO2 coefﬁcients are obtained from the IPCC report as shown in Table 1. Heat value
is adjusted according to principles for calculation of total production energy consumption in 2008 in
China. The China Multi-Regional Input–Output Table 2007 [58] and 2012 [59] are used to calculate
indirect CO2 emissions, including 30 sectors. The indirect CO2 emissions of each province at a sectoral
level are obtained from China Emission Account and Datasets (CEADs, http://www.ceads.net/).
Population data are from the Beijing Statistical Yearbook (2016) [60], Tianjin Statistical Yearbook
(2016) [61], Shanghai Statistical Yearbook (2016) [62], and Chongqing Statistical Yearbook (2016) [63],
as shown in Table 2. Due to the lack of data regarding Shanghai’s urban and rural population, its
rural population is represented by agricultural population and urban population is obtained by total
population minus its agricultural population. Although Beijing and Shanghai municipal governments
have adopted the strictest household registration system to control their population, the population
still increased to a large extent. For example, Beijing’s urban population increased by 32.6% from 2007
to 2012, while rural population increased by 12.8%.
Table 1. Direct CO2 emissions coefﬁcients.
Fuel

Unit

Heat Value

Carbon Content

Oxidation Rata

CO2 Emission Factor Unit (Kg/GJ)

Coal
Oil
Natural gas
Heat
Electricity

GJ/t
GJ/t
GJ/ 104 Nm3
-

20.91
41.82
38.93
-

27.4
20.1
15.3
-

94%
98%
99%
-

94.44
72.73
55.54
110
873
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Table 2. Population data (10,000 person).
Urban Population
2007
2008
2009
2010
2011
2012
2013
2014
2015

Beijing

Tianjin

Shanghai

1416
1504
1581
1686
1741
1784
1825
1859
1878

851
908
958
1034
1090
1152
1207
1248
1278

1882
1966
2046
2145
2196
2234
2272
2286
2280

Rural Population
Chongqing Beijing
1361
1419
1475
1530
1606
1678
1733
1783
1838

260
267
279
276
278
286
290
293
293

Tianjin

Shanghai

Chongqing

264
268
270
266
264
261
265
269
269

182
174
165
157
152
146
143
139
136

1455
1420
1384
1355
1313
1267
1237
1208
1178

3. Results
3.1. Urban and Rural Direct HCEs
3.1.1. Direct HCEs
Direct household CO2 emissions (HCEs) of Beijing, Tianjin, Shanghai, and Chongqing are shown
in Figure 2. Beijing’s total direct HCEs increased by approximately 60% from 49.1 Mt in 2007 to 78 Mt in
2015. Shanghai’s total direct HCEs increased by approximately 47.7% from 48.7 Mt in 2007 to 71.9 Mt in
2015. The total direct HCEs in Tianjin and Chongqing were smaller than that of Beijing and Shanghai;
for example, Tianjin’s total direct HCEs were around 59% of that of Beijing in 2015, and Chongqing’s
total direct HCEs were about 73% of that in Shanghai in 2015. However, total direct HCEs of Tianjin
and Chongqing increased by 89.8% and 84.2% from 2007 to 2015, respectively.

Figure 2. Direct household CO2 emissions (HCEs).

Urban direct HCEs were much larger than rural direct HCEs for the four megacities; for instance,
Shanghai’s urban direct HCEs were more than 18 times larger than rural direct HCEs in 2015, which
accounted for about 95% of its total direct HCEs. Beijing’s rural and urban HCEs show different trends.
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These can be divided into two phases. The ﬁrst phase is from 2007 to 2011. During this phase, both
rural and urban direct HCEs kept a similar increasing trend. However, they have showed different
trends since 2012. Urban direct HCEs increased sharply in 2012. After that, they kept increasing
steadily. On the contrary, rural direct HCEs declined signiﬁcantly in 2012, then remained about the
same. Tianjin’s urban direct HCEs increased rapidly during 2007–2015 with an annual increase rate
of 9%, while the annual increase rate of rural direct HCEs were 7%, whereas Chongqing’s urban and
rural direct HCEs kept the same annual increase rate, which was 8%.
3.1.2. Direct Energy Consumption Structure
Energy consumption structure for direct HCEs are shown in Figure 3. The energy consumption
structure of Beijing’s urban households remained stable from 2007 to 2015. By contrast, rural
households’ energy consumption structure had a large ﬂuctuation during 2008–2011. Due to the
global ﬁnancial crisis, coal prices rose sharply [64]. The coal consumption of rural households dropped
signiﬁcantly. In 2011, the share of coal was only 20.6%. After the ﬁnancial crisis, coal consumption rose
and stayed stable with a relatively lower coal price. Heat consumption in Tianjin’s urban households
accounted for 26–29% of their total direct energy consumption, which was much higher than Beijing.
It is unexpected to ﬁnd that the oil consumption of Shanghai’s rural households accounted for about
one third of their total direct energy consumption. After the ﬁnancial crisis, the share increased to
more than 60%. By contrast, the household energy consumption structure in Chongqing was cleaner.

Figure 3. Energy structure of direct HCEs.

3.1.3. Direct PHCEs
Direct PHCEs in Beijing, Tianjin, Shanghai, and Chongqing from 2007 to 2015 are shown in
Figure 4. It is interesting to ﬁnd that the direct PHCEs of rural and urban households were getting
close in the last three years for the four cities. For example, direct PHCEs of Beijing’s rural households
were larger than that of urban households. In 2011, the former was 2.85 times larger than the latter.
Since 2012, PHCEs of urban and rural household were about 1 ton of CO2 (tC) per person, which is the
smallest. PHCEs of urban and rural households in Tianjin and Shanghai were approximately three
times that of Beijing.
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Figure 4. Direct per capita HCEs (PHCEs).

3.2. Urban and Rural Indirect HCEs
3.2.1. Indirect HCEs and PHCEs
By adding urban and rural indirect HCEs, we can obtain the total indirect HCEs of each city.
Total indirect HCEs of Beijing, Tianjin, and Shanghai, respectively, decreased by 2.96%, 27.54%,
and 16.67% from 2007 to 2012, while Chongqing’s total indirect HCEs increased by 32.36%. Urban and
rural indirect HCEs and PHCEs are shown in Figure 5. We can see that urban indirect HCEs were
much larger than that of rural households. For example, Beijing’s urban indirect HCEs were more than
13 times those of rural households in 2015. Chongqing’s urban indirect HCEs were more than four
times that of rural households in 2015.
From the perspective of per capita, urban and rural indirect PHCEs of Beijing and Tianjin
decreased from 2007 to 2012, while urban and rural indirect PHCEs of Chongqing increased. Urban
indirect PHCEs of Shanghai were two times that of rural indirect PHCEs in 2007. However, they were
about the same in 2012.

Figure 5. Indirect HCEs and PHCEs.
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3.2.2. Sectoral Indirect HCEs
Sectoral abbreviation and indirect HCEs are shown in Table A1. Indirect HCEs from electricity
and hot water production and supply were much larger than other sectors for all the four cities.
For instance, rural and urban indirect HCEs from electricity and hot water production and supply in
Tianjin accounted for 63.3% and 69.4% in 2012, respectively. Thus, to better express the indirect HCEs
at sectoral level, we give the percentage-stacked bar chart of indirect HCEs from all the sectors except
electricity and hot water production and supply, as shown in Figure 6.

Figure 6. Sectoral indirect HCEs.

For Beijing, Tianjin, Shanghai, and Chongqing, the indirect HCEs from agriculture, coal mining,
food processing and tobacco, petroleum reﬁning, coking, etc., chemical industry, nonmetal products,
metallurgy, construction, transport and storage increased. The share of indirect HCEs from agriculture
were relatively large and increased from 2007 to 2012 for both urban and rural residents in Chongqing.
The share of indirect HCEs from coal mining decreased from 2007 to 2012 in Shanghai, Tianjin,
and Chongqing; however, the share of indirect HCEs from petroleum reﬁning, coking, etc. increased.
For Beijing, Shanghai, and Chongqing, the share of indirect HCEs from transport and storage increased
from 2007 to 2012, but the share decreased by 5.9% and 6.7% for rural and urban residents in Tianjin,
respectively. However, the share of indirect HCEs from metallurgy respectively increased by 4.5% and
3% for rural and urban residents in Tianjin.
3.2.3. Outsourced Indirect HCEs
Due to the difference of regional resource endowment and industrial structure, the four cities
outsourced large amounts of CO2 emissions to other provinces to meet their own demands for products
and services through inter-regional trade. For example, outsourced indirect HCEs accounted for 73.7%
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for Beijing in 2007, and the share increased to 87.6% in 2012. Similarly, the share of outsourced indirect
HCEs in Chongqing increased from 43.9% in 2007 to 59.7% in 2012. On the contrary, the share of
outsourced indirect HCEs in Shanghai and Tianjin decreased by 6.9% and 8.7%, respectively. However,
the outsourced indirect HCEs in Shanghai and Tianjin still accounted for more than 60%.
The outsourced indirect HCEs of Beijing, Tianjin, Shanghai, and Chongqing in 2012 are shown in
Figure 7. Beijing, Tianjin, Shanghai, and Chongqing respectively outsourced 142 Mt, 127.1 Mt, 108.6 Mt,
and 130.6 Mt indirect HCEs to other provinces in 2012, most of which were neighboring provinces with
rich resources and less developed economic structure. For example, Inner Mongolia, Hebei, and Shanxi
were the top three contributors to Beijing’s outsourced indirect HCEs; the shares were 17.8%, 17.4%,
and 8.6%, respectively. 26.8% of Chongqing’s outsourced indirect HCEs were from Guizhou, Yunnan,
and Sichuan.

Figure 7. Outsourced indirect HCEs.

3.3. Urban and Rural Total HCEs and PHCEs
The total CO2 emissions can be obtained by summing up urban and rural households’ direct and
indirect CO2 emissions. Chongqing’s total CO2 emissions increased signiﬁcantly with the increase rate
of 49.71% from 64.63 Mt in 2007 to 96.76 Mt in 2012. Beijing’s total CO2 emissions increased by 20.2%
from 100.79 Mt in 2007 to 121.15 Mt in 2012. Shanghai’s total CO2 emissions increased by 6.21% from
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129.45 Mt in 2007 to 137.49 Mt in 2012, whereas Tianjin’s total CO2 emissions decreased slightly from
77.75 Mt in 2007 to 77.53 Mt in 2012.
Rural and urban households’ HCEs and PHCEs are shown in Figure 8. The urban–rural total
HCEs gap in Shanghai is the largest, followed by Beijing and Tianjin. Chongqing’s urban–rural total
HCEs gap is the smallest. From the amount of total HCEs, Chongqing has the largest rural HCEs
and the smallest urban HCEs. On the contrary, Shanghai has the smallest rural HCEs and the largest
urban HCEs.

Figure 8. Total HCEs and total PHCEs.

From the perspective of total PHCEs, Chongqing’s rural and urban PHCEs increased by
73.59% and 21.01%, respectively. Beijing’s rural and urban PHCEs decreased by 10.69% and 1.19%.
Rural PHCEs in both Tianjin and Shanghai respectively increased by 8.03% and 38.72%, while urban
PHCEs decreased by 27.10% and 10.89%, respectively.
PHCEs in our study and other studies are compared in Table 3. PHCEs in Beijing, Tianjin,
Shanghai, and Chongqing were larger than the national average household footprint shown by
Wiedenhofer et al. [65], Fan et al. [66], and Qu et al. [67], but much smaller than the U.S. [68]
and European countries [18,69,70]. Compared to the results of Tian et al. [71] and Fry et al. [72],
Beijing’s total PHCEs in our results were 31.56% and 29.02% smaller, respectively, due to different
research methods and data sources. Shanghai’s total PHCEs in our results were close to other cities in
the Yangtze River delta region [14].
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Table 3. Results comparison (ton of CO2 ).
Sources

Study Area

Carbon Footprints

Study Period

This study

Beijing
Tianjin
Shanghai
Chongqing
China
China
China
US
Norway
West Germany
Netherlands
France
EU27
Jingjin region
Beijing
Nanjing, Ningbo, and Changzhou
Xiamen, China
Liaoning
Northwestern China arid-alpine
regions

5.75
4.91
6.31
3.14
1.7
2
1.75
20
12.2
19.8
18.7
12.9
15.7
8.4
8.1
6.0
3.9
3.5

2012
2012
2012
2012
2012
2005
2011
2005
2007

Wiedenhofer et al. [65]
Fan et al. [66]
Qu et al. [67]
Jones and Kammen [68]
Isaksen et al. [69]
Weber and Perrels [70]
Sommer and Kratena [18]
Tian et al. [71]
Fry et al. [72]
Xu et al. [14]
Lin et al. [73]
Tian et al. [74]
Qu et al. [75]

1.4

1990
2007
2011
2010
2009
2007
2008

4. Discussion
In this study, we considered both direct and indirect emissions caused by rural and urban household
consumption (as shown in Figure 1). Total emissions are obtained by summing direct CO2 emissions and
indirect CO2 emissions [56]. The direct CO2 emissions mainly refer to the consumption of coal, oil, gas,
electricity, and heat from China energy statistical yearbook, while the indirect CO2 emissions are caused
by the consumption of products and services, which is also named embodied emissions [40,72].
Urban direct HCEs were much larger than rural direct HCEs. There are several reasons for this: (1) in
terms of both quantity and variety, urban residents have more household equipment than rural residents;
(2) urban citizens have more cars, which not only brings about severe traffic problems, but also consumes
lots of gasoline and produces more emissions; and (3) the population of urban areas is larger than that of
rural areas. With rapid urbanization, more and more people flood into the city. For example, Beijing’s
urban population was six times larger than the rural population in 2014.
For both urban and rural households in Beijing, Tianjin, and Chongqing in China, CO2 emissions
caused by electricity consumption accounted for the largest proportion of their direct CO2 emissions:
the most carbon-intensive categories were electricity and hot water production and supply. For instance,
the shares of direct HCEs from electricity in Beijing were 71.3% and 58.2% in 2007 for urban and rural
household, respectively, and increased to 73.7% and 62.3% in 2012, respectively. An increased level
of income or consumption increased the probability of the use of electricity [76,77]. Thus, the result
reﬂects the improvement of the income and living standard of urban and rural household and the
widespread use of household electrical appliances with the rapid development of economy.
For rural households in Beijing and Shanghai, direct HCEs from coal and oil consumption
occupied a larger relative proportion. This is related to the large amounts of coal use for heating
and cooking in rural areas of Beijing. Oil is the main energy consumption in rural areas of Shanghai,
and the share of direct HCEs from oil consumption was approximately 60% in 2015. Affected by the
ﬁnancial crisis and post-crisis, the coal and oil price rose dramatically and the consumption of coal
and oil of rural household declined, thus direct HCEs decreased signiﬁcantly in 2012. Increasing the
price of coal and oil may be an effective way to control fossil energy use and reduce CO2 emissions,
such as the through implementation of a carbon tax or environmental tax [78]. However, to avoid the
economic loss and urban–rural household welfare losses caused by carbon tax, the optimal carbon tax
rate should be formulated carefully.
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Large amounts of CO2 emissions are outsourced to other provinces to meet the demand of local
residents. For example, about 68.5% of Beijing’s household emissions were outsourced to other provinces
in 2007, which is consistent with Feng et al. [79]. The share increased to 81.7% in 2012. The Chinese
government has taken active measures to improve the capacity of key areas to adapt to climate change
and mitigate the adverse effects of climate change on economic and social development and people’s
livelihood. The National Development and Reform Commission (NDRC) started the pilot work of carbon
emissions trading in Beijing, Tianjin, Shanghai, Chongqing, Hubei, Guangdong, and Shenzhen in 2011.
The completion of the reduction of carbon dioxide emission intensity is included in the comprehensive
evaluation system of economic and social development in various regions and the system of cadre
performance assessment [80]. To reduce Beijing’s CO2 emissions and environmental pressure, Beijing
adjusted its industrial structure: heavy industries were moved to its neighboring provinces, such as Hebei,
Inner Mongolia, and Shanxi. Through interregional trade, products and services are imported to meet the
demands of local household. Government should pay more attention to interprovincial carbon leakage
to make an equitable and effective regional emissions reduction scheme. To reduce China’s total CO2
emissions, energy efficiency improvement and clean energy development are significant.
Urban total HCEs increased to a large extent with the increase of urban population. For example,
urban population increased by 23.27% in Chongqing from 2007 to 2012, while its urban total HCEs
increased by 49.16%. In our study, urban households contributed 72.81–92.65% of total HCEs in 2012.
Yang et al. [81] find that urban households contribute 92.6% of the particulate matter 2.5 (PM 2.5) footprint
of Beijing’s households. Therefore, it is urgent to control urban population. City planners should promote
economic development and increase the job opportunities in rural areas and the rural–urban fringe zone
to reduce the migrants who move to the city and seek jobs. For example, on 1 April 2017, the State Council
of China has decided to build Xiongan New Area, which is a new area of national significance after
Shenzhen Special Economic Zone and Pudong New Area of Shanghai. It is expected to relieve the stress
of Beijing’s population and environment.
5. Conclusions
We examined the direct and indirect CO2 emissions of urban and rural households in Beijing, Tianjin,
Shanghai, and Chongqing in this study. The results showed that total PHCEs were larger than the national
average level, but much smaller compared to developed countries such as the US and EU countries [82].
Direct HCEs caused by electricity consumption account for a large proportion of emissions. Despite the
urban/rural differential for both groups, the most carbon-intensive categories were electricity and hot
water production and supply, agriculture, coal mining, food processing and tobacco, petroleum refining,
coking, etc., chemical industry, nonmetal products, metallurgy, construction, transport and storage.
Most household CO2 emissions are contributed by urban HCEs in Beijing, Tianjin, Shanghai,
and Chongqing. Chongqing’s total HCEs are approximately 70–80% of Beijing and Shanghai in 2012;
however, this increased by about 50% from 2007 to 2012. With the acceleration of urbanization, this is
supposed to increase in future. Therefore, it is important to advocate low carbon consumption patterns to
control household CO2 emissions.
Measuring and understanding energy consumption helps in forming a proper policy to motivate
the citizens of metropolitan areas to become “greener” consumers and promote renewable energy
development. This “greener” character needs to be achieved, as urban cities are environmentally
compromised regions because of their metropolitan character [83]. Therefore, the following suggestions
are proposed for city planners and policy makers: (1) continue to promote low-carbon green lifestyles and
encourage residents to use low-carbon and renewable energy to save energy with the aid of the media;
(2) control cities’ populations: promote the development of neighbouring districts, create more jobs and
opportunities in the neighbouring districts, and divert migrant workers; (3) in the process of urbanization,
encourage the development of low-carbon infrastructure, along with the use of materials that improve
building quality and sustainability; and (4) judge government performance on the basis not only of GDP,
but also of energy efficiency and technical progress.
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Appendix A
Table A1. Indirect CO2 emissions of urban and rural household in 2012 (10,000 tons).
Rural
Abbreviation Beijing

Urban

Tianjin

Shanghai

Chongqing

Beijing

Tianjin

Shanghai

Chongqing

Agriculture

Agri

15.80

14.59

17.73

121.28

217.41

136.95

314.11

410.59

Coal mining

Coal

10.01

5.74

13.00

49.64

126.23

55.35

187.89

186.31
23.54

Petroleum and gas

Petr

1.64

3.83

4.20

3.37

22.81

38.56

69.87

Metal mining

Meta

0.23

0.22

0.20

0.79

3.23

2.20

3.33

3.70

Nonmetal mining

Nonm

0.25

0.20

0.20

0.68

3.49

1.75

3.30

2.74

Food processing and
tobacco

Food

14.63

7.39

10.76

22.08

183.13

75.33

197.05

82.99

Textile

Text

0.57

1.87

1.59

2.21

10.32

18.92

31.31

18.38

Clothing, leather, fur,
etc.

Clot

0.46

0.33

0.62

0.25

9.04

3.38

15.10

2.02

Wood processing and
furnishing

Wood

0.17

0.19

0.18

0.16

2.45

2.76

3.99

0.73

Paper making,
printing, stationery,
etc.

Pape

1.08

1.10

1.53

5.63

15.32

11.03

34.15

24.53

Petroleum reﬁning,
coking, etc.

Perc

10.32

12.96

15.04

39.75

143.91

127.27

275.21

148.75

Chemical industry

Chem

9.58

7.04

8.14

30.89

124.74

64.56

147.35

171.91

Nonmetal products

Npro

9.59

9.15

9.99

48.13

131.25

65.25

180.55

144.45

Metallurgy

Melu

17.78

18.62

19.50

42.22

255.95

188.25

331.14

194.87

Metal products

Mpro

0.29

0.44

0.26

0.70

4.21

4.03

4.77

2.72

General and specialist
machinery

Gene

0.37

0.37

0.36

0.71

5.12

3.63

6.46

3.44

Transport equipment

Tran

0.29

0.33

0.50

0.59

4.50

3.63

7.62

3.01

Electrical equipment

Ecal

0.15

0.23

0.18

0.40

1.98

2.11

2.91

1.92
0.29

Electronic equipment

Enic

0.08

0.08

0.09

0.07

1.08

0.98

1.79

Instrument and meter

Inst

0.01

0.01

0.01

0.09

0.13

0.06

0.15

0.60

Other manufacturing

Oman

0.14

0.06

0.17

0.39

1.89

0.53

3.07

2.00

Electricity and hot
water production and
supply

Ehwp

214.24

199.05

268.23

384.03

2739.07

2467.62

3562.09

1988.70

Gas and water
production and supply

Gasw

0.69

0.33

2.73

0.63

7.89

3.47

29.38

3.79

Construction

Cons

0.31

0.22

0.37

0.32

5.25

3.45

7.70

1.65

Transport and storage

Tras

24.53

14.72

26.30

74.21

362.53

145.55

579.24

324.73

Wholesale and
retailing

Whol

4.99

3.94

4.99

13.66

69.66

40.47

96.68

59.56

Hotel and restaurant

Hote

3.17

3.04

1.61

8.69

56.30

32.69

37.62

54.32

Leasing and
commercial services

Leas

1.22

0.63

1.37

0.85

25.05

6.55

35.43

6.07

Scientiﬁc research

Scie

0.20

0.06

0.08

0.13

3.11

0.52

1.39

0.60

Other services

Oser

9.78

7.63

10.10

8.83

131.26

50.39

141.01

41.87

46

Energies 2018, 11, 1257

References
1.
2.
3.

4.
5.
6.
7.
8.
9.
10.

11.
12.

13.
14.
15.
16.
17.
18.
19.
20.
21.
22.
23.

Wiedmann, T.; Chen, G.W.; Barrett, J. The concept of city carbon maps, a case study of Melbourne, Australia.
J. Ind. Ecol. 2016, 20, 676–691. [CrossRef]
Zhang, X.L.; Luo, L.Z.; Skitmore, M. Household carbon emission research: An analytical review of
measurement, inﬂuencing factors and mitigation prospects. J. Clean. Prod. 2015, 103, 873–883. [CrossRef]
Kennedy, C.; Steinberger, J.; Gasson, B.; Hansen, Y.; Hillman, T.; Havránek, M.; Pataki, D.; Phdungsilp, A.;
Ramaswami, A.; Mendez, G.V. Methodology for inventorying greenhouse gas emissions from global cities.
Energy Policy 2010, 38, 4828–4837. [CrossRef]
Satterthwaite, D. Cities’ contribution to global warnings: Notes on the allocation of greenhouse gas emissions.
Environ. Urban. 2008, 20, 539–549. [CrossRef]
Biesiot, W.; Noorman, K.J. Energy requirements of household consumption: A case study of the Netherlands.
Ecol. Econ. 1999, 28, 367–383. [CrossRef]
Kerkhof, A.C.; Benders, R.M.J.; Moll, H.C. Determinants of variation in household CO2 emissions between
and within countries. Energy Policy 2009, 37, 1509–1517. [CrossRef]
Schipper, L.; Bartlett, S.; Hawk, D.; Vine, E. Linking life-styles and energy use: A matter of time?
Annu. Rev. Energy 1989, 14, 271–320. [CrossRef]
Pachauri, S. An analysis of cross-sectional variations in total household energy requirements in India using
micro survey data. Energy Policy 2004, 32, 1723–1735. [CrossRef]
Rao, M.N.; Reddy, B.S. Variations in energy use by Indian households: An analysis of micro level data.
Energy 2007, 32, 143–152.
Miah, M.D.; Foysal, M.A.; Koike, M.; Kobayashi, H. Domestic energy-use pattern by the households:
A comparison between rural and semi-urban areas of Noakhali in Bangladesh. Energy Policy 2011,
39, 3757–3765. [CrossRef]
Liu, L.C.; Liang, Q.M.; Wang, Q. Accounting for China’s regional carbon emissions in 2002 and 2007:
Production-based versus consumption-based principles. J. Clean. Prod. 2015, 103, 384–392. [CrossRef]
Shan, Y.L.; Liu, J.H.; Liu, Z.; Xu, X.W.H.; Shao, S.; Wang, P.; Guan, D.B. New provincial CO2 emission
inventories in China based on apparent energy consumption data and updated emission factors. Appl. Energy
2016, 184, 742–750. [CrossRef]
Bai, X. Integrating global environmental concerns into urban management: The scale and readiness
arguments. J. Ind. Ecol. 2007, 11, 15–29. [CrossRef]
Xu, X.; Tan, Y.; Chen, S.; Yang, G.; Su, W. Urban household carbon emission and contributing factors in the
Yangtze River Delta, China. PLoS ONE 2015, 10, e0121604. [CrossRef] [PubMed]
Park, H.C.; Heo, E. The direct and indirect household energy requirements in the Republic of Korea from
1980 to 2000-An input-output analysis. Energy Policy 2007, 35, 2839–2851. [CrossRef]
Markaki, M.; Belegri-Roboli, A.; Saraﬁdis, Y.; Mirasgedis, S. The carbon footprint of Greek households
(1995–2012). Energy Policy 2017, 100, 206–215. [CrossRef]
Reinders, A.H.M.E.; Vringer, K.; Blok, K. The direct and indirect energy requirement of households in the
European Union. Energy Policy 2003, 31, 139–153. [CrossRef]
Sommer, M.; Kratena, K. The carbon footprint of European households and income distribution. Ecol. Econ.
2017, 136, 62–72. [CrossRef]
Ivanova, D.; Vita, G.; Steen-Olsen, K.; Stadler, K.; Melo, P.C.; Wood, R.; Hertwich, E.G. Mapping the carbon
footprint of EU regions. Environ. Res. Lett. 2017, 12, 54013. [CrossRef]
Lenzen, M.; Wier, M.; Cohen, C. A comparative multivariate analysis of household energy requirements in
Australia, Brazil, Denmark, India and Japan. Energy 2006, 31, 181–207. [CrossRef]
Maraseni, T.N.; Qu, J.S.; Zeng, J.J. A comparison of trends and magnitudes of household carbon emissions
between China, Canada and UK. Environ. Dev. 2015, 15, 103–119. [CrossRef]
Brizga, J.; Feng, K.; Hubacek, K. Household carbon footprints in the Baltic States: A global multi-regional
input–output analysis from 1995 to 2011. Appl. Energy 2017, 189, 780–788. [CrossRef]
Bin, S.; Dowlatabadi, H. Consumer lifestyle approach to US energy use and the related CO2 emissions.
Energy Policy 2005, 33, 197–208. [CrossRef]

47

Energies 2018, 11, 1257

24.

25.
26.
27.
28.
29.
30.
31.
32.
33.
34.

35.
36.
37.

38.
39.
40.
41.
42.
43.

44.
45.

46.

Kok, R.; Benders, R.M.J.; Moll, H.C. Measuring the environmental load of household consumption using
some methods based on input-output energy analysis: A comparison of methods and a discussion of results.
Energy Policy 2006, 34, 2744–2761. [CrossRef]
Wei, Y.M.; Liu, L.C.; Fan, Y.; Wu, G. The impact of lifestyle on energy use and CO2 emission: An empirical
analysis of China’s residents. Energy Policy 2007, 35, 247–257. [CrossRef]
Weber, C.L.; Matthews, H.S. Quantifying the global and distributional aspects of American household carbon
footprint. Ecol. Econ. 2008, 66, 379–391. [CrossRef]
Dhakal, S. Urban energy use and carbon emissions from cities in China and policy implications. Energy Policy
2009, 37, 4208–4219. [CrossRef]
Feng, Z.H.; Zou, L.L.; Wei, Y.M. The impact of household consumption on energy use and CO2 emissions in
China. Energy 2011, 36, 656–670. [CrossRef]
Wang, Z.H.; Yang, L. Indirect carbon emissions in household consumption: Evidence from the urban and
rural area in China. J. Clean. Prod. 2014, 78, 94–103. [CrossRef]
Zhu, Q.; Peng, X.Z.; Wu, K.Y. Calculation and decomposition of indirect carbon emissions from residential
consumption in China based on the input-output model. Energy Policy 2012, 48, 618–626. [CrossRef]
Teubler, J.; Buhl, J.; Lettenmeier, M.; Greiff, K.; Liedike, C. A household’s burden- the embodied resource use
of household equipment in Germany. Ecol. Econ. 2018, 146, 96–105. [CrossRef]
Pachauri, S.; Spreng, D. Direct and indirect energy requirements of households in India. Energy Policy 2002,
30, 511–553. [CrossRef]
Baiocchi, G.; Minx, J.; Hubacek, K. The impact of social factors and consumer behavior on carbon dioxide
emissions in the United Kingdom. J. Ind. Ecol. 2010, 14, 50–72. [CrossRef]
Ding, Q.; Cai, W.; Wang, C.; Sanwal, M. The relationships between household consumption activities and
energy consumption in China-an input-output analysis from the lifestyle perspective. Appl. Energy 2017,
207, 520–532. [CrossRef]
Steen-Olsen, K.; Wood, R.; Hertwich, E.G. The carbon footprint of Norwegian household consumption
1999–2012. J. Ind. Ecol. 2016, 20, 582–592. [CrossRef]
Lenzen, M.; Dey, C.; Foran, B. Energy requirements of Sydney households. Ecol. Econ. 2004, 49, 375–399.
[CrossRef]
Yang, D.; Gao, L.; Xiao, L.; Wang, R. Cross-boundary environmental effects of urban household metabolism
based on an urban spatial conceptual framework: A comparative case of Xiamen. J. Clean. Prod. 2012,
27, 1–10. [CrossRef]
Bai, Y.; Liu, Y. An exploration of residents’ low-carbon awareness and behavior in Tianjin, China. Energy Policy
2013, 61, 1261–1270. [CrossRef]
Wang, Z.H.; Yang, Y.T.; Wang, B. Carbon footprints and embodied CO2 transfers among provinces in China.
Renew. Sustain. Energy Rev. 2018, 82, 1068–1078. [CrossRef]
Feng, K.S.; Davis, S.J.; Sun, L.X.; Li, X.; Guan, D.B.; Liu, W.D.; Liu, Z.; Hubacek, K. Outsourcing CO2 within
China. Proc. Natl. Acad. Sci. USA 2013, 110, 11654–11659. [CrossRef] [PubMed]
Duchin, F.; Hubacek, K. Linking social expenditures to household lifestyles. Futures 2003, 35, 61–74.
[CrossRef]
López, L.A.; Arce, G.; Morenate, M.; Zafrilla, J.E. How does income redistribution affect households’ material
footprint? J. Clean. Prod. 2017, 153, 515–527. [CrossRef]
Minx, J.; Baiocchi, G.; Wiedmann, T.; Barrett, J.; Cueutzig, F.; Feng, K.S.; Forster, M.; Pichler, P.; Weisz, H.;
Hubacek, K. Carbon footprints of cities and other human settlements in the UK. Environ. Res. Lett. 2013,
8, 35039. [CrossRef]
Fremstad, A.; Underwood, A.; Zahram, S. The environmental impact of sharing: Household and urban
economics in CO2 emissions. Ecol. Econ. 2018, 145, 137–147. [CrossRef]
Zhang, C.; Cao, X.Y.; Ramaswami, A. A novel analysis of consumption-based carbon footprints in China:
Unpacking the effects of urban settlement and rural-to-urban migration. Glob. Environ. Chang. 2016,
39, 285–293. [CrossRef]
Jones, C.; Kammen, D.M. Spatial distribution of U.S. household carbon footprints reveals suburbanization
undermines greenhouse gas beneﬁts of urban population density. Environ. Sci. Technol. 2014, 48, 895–902.
[CrossRef] [PubMed]

48

Energies 2018, 11, 1257

47.
48.
49.
50.
51.
52.
53.
54.
55.
56.
57.
58.
59.
60.
61.
62.
63.
64.
65.
66.
67.
68.
69.
70.
71.
72.

73.

Gill, B.; Moeller, S. GHG Emissions and the Rural-Urban Divide. A Carbon Footprint Analysis Based on the
German Ofﬁcial Income and Expenditure Survey. Ecol. Econ. 2018, 145, 160–169. [CrossRef]
Duarte, R.; Mainar, A.; Sánchez-Chóliz, J. The impact of household consumption patterns on emissions in
Spain. Energy Econ. 2010, 32, 176–185. [CrossRef]
Dai, H.C.; Musui, T.; Matsuoka, Y.; Fujimori, S. The impacts of China’s household consumption expenditure
patterns on energy demand and carbon emissions towards 2050. Energy Policy 2012, 50, 736–750. [CrossRef]
López, L.A.; Arce, G.; Morenate, M.; Monsalve, F. Assessing the inequality of Spanish households through
the carbon footprint: The 21st century great recession effect. J. Ind. Ecol. 2016, 20, 571–581. [CrossRef]
Zha, D.L.; Zhou, D.Q.; Zhou, P. Driving forces of residential CO2 emissions in urban and rural China:
An index decomposition analysis. Energy Policy 2010, 38, 3377–3383.
Zhao, X.L.; Li, N.; Ma, C.B. Residential energy consumption in urban China: A decomposition analysis.
Energy Policy 2012, 41, 644–653. [CrossRef]
Zhang, C.G.; Lin, Y. Panel estimation for urbanization, energy consumption and CO2 emissions: A regional
analysis in China. Energy Policy 2012, 49, 488–498. [CrossRef]
Zhao, C.S.; Niu, S.W.; Zhang, X. Effects of household energy consumption on environment and its inﬂuence
factors in rural and urban areas. Energy Procedia 2012, 14, 805–811.
Miller, R.E.; Blair, P.D. Input-Output Analysis: Foundations and Extensions, 2nd ed.; Cambridge University
Press: New York, NY, USA, 2009.
Feng, K.S.; Hubacek, K. Carbon implications of China’s urbanization. Energy Ecol. Environ. 2006, 1, 39–44.
[CrossRef]
Department of Energy Statistics, National Bureau of Statistics, People’s Republic of China. China Energy
Statistical Yearbook (2008–2016); China Statistics Press: Beijing, China, 2015.
Liu, W.D.; Chen, J.; Tang, Z.P.; Liu, H.G.; Han, D.; Li, F.Y. Theories and Practice of Constructing China’s
Interregional Input Output Tables between 30 Provinces in 2007; China Statistics Press: Beijing, China, 2012.
Mi, Z.F.; Meng, J.; Guan, D.B.; Shan, Y.L.; Song, M.L.; Wei, Y.M.; Liu, Z.; Hubacek, K. Chinese CO2 emission
ﬂows have reversed since the global ﬁnancial crisis. Nat. Commun. 2017, 8, 1712. [CrossRef] [PubMed]
Beijing Municipal Bureau of Statistics. Beijing Statistical Yearbook 2016; China Statistics Press: Beijing, China, 2017.
Tianjin Municipal Bureau of Statistics. Tianjin Statistical Yearbook 2016; China Statistics Press: Beijing, China, 2017.
Shanghai Municipal Bureau of Statistics. Shanghai Statistical Yearbook 2016; China Statistics Press: Beijing, China,
2017.
Chongqing Municipal Bureau of Statistics. Chongqing Statistical Yearbook 2016; 2017.
Guo, J.; Zheng, X.Y.; Chen, Z.M. How does coal price drive up inﬂation? Reexamining the relationship
between coal price and general price level in China. Energy Econ. 2016, 57, 265–276. [CrossRef]
Wiedenhofer, D.; Guan, D.; Liu, Z.; Meng, J.; Zhang, N.; Wei, Y.M. Unequal household carbon footprints in
China. Nat. Clim. Chang. 2016, 7, 75–80. [CrossRef]
Fan, J.; Guo, X.M.; Marinova, D.; Wu, Y.R.; Zhao, D.T. Embedded carbon footprint of Chinese urban
households: Structure and changes. J. Clean. Prod. 2012, 33, 50–59. [CrossRef]
Qu, J.S.; Maraseni, T.; Liu, L.N.; Zhang, Z.Q.; Yusaf, T. A comparsion of household carbon emission patterns
of urban and rural China over the 17 years perild (1995–2011). Energies 2015, 5, 10537–10557. [CrossRef]
Jones, C.M.; Kammen, D.M. Quantifying carbon footprint reduction opportunities for U.S. households and
communities. Environ. Sci. Technol. 2011, 45, 4088–4095. [CrossRef] [PubMed]
Isaksen, E.T.; Narbel, P.A. A carbon footprint proportional to expenditure- a case for Norway? Ecol. Econ.
2017, 131, 152–165. [CrossRef]
Weber, C.; Perrels, A. Modelling lifestyle effects on energy demand and related emissions. Energy Policy 2000,
28, 549–566. [CrossRef]
Tian, X.; Chang, M.; Lin, C.; Tanikawa, H. China’s carbon footprint: A regional perspective on the effect of
transitions in consumption and production patterns. Appl. Energy 2014, 123, 19–28. [CrossRef]
Fry, J.; Lenzen, M.; Jin, Y.T.; Wakiyama, T.; Baynes, T.; Wiedmann, T.; Malik, A.; Chen, G.W.; Wang, Y.F.;
Geschke, A.; et al. Assessing carbon footprints of cities under limited information. J. Clean. Prod. 2017,
176, 1254–1270. [CrossRef]
Lin, T.; Yu, Y.; Bai, X.; Feng, L.; Wang, J. Greenhouse gas emissions accounting of urban residential
consumption: A household survey based approach. PLoS ONE 2013, 8, e55642. [CrossRef] [PubMed]

49

Energies 2018, 11, 1257

74.

75.

76.
77.
78.

79.
80.
81.
82.

83.

Tian, X.; Geng, Y.; Dong, H.J.; Dong, L.; Fujita, T.; Wang, Y.T.; Zhao, H.Y.; Wu, R.; Liu, Z.; Sun, L. Regional
household carbon footprint in China: A case of Liaoning province. J. Clean. Prod. 2016, 114, 401–411.
[CrossRef]
Qu, J.; Zeng, J.; Li, Y.; Wang, Q.; Maraseni, T.; Zhang, L.H.; Zhang, Z.Q.; Clarke-Sather, A. Household carbon
dioxide emissions from peasants and herdsmen in northwestern arid-alpine regions, China. Energy Policy
2013, 57, 133–140. [CrossRef]
Zhang, C.; Zhou, K.L.; Yang, S.L.; Shao, Z. On electricity consumption and economic growth in China.
Renew. Sustain. Energy Rev. 2017, 76, 353–368. [CrossRef]
Bridge, B.A.; Adhikari, D.; Fontenla, M. Household-level effects of electricity on income. Energy Econ. 2016,
58, 222–228. [CrossRef]
Dong, H.J.; Dai, H.C.; Geng, Y.; Fujita, T.; Liu, Z.; Xie, Y.; Wu, R.; Fujii, M.; Masui, T.; Tang, L. Exploring
impact of carbon tax on China’s CO2 reductions and provincial disparities. Renew. Sustain. Energy Rev. 2017,
77, 596–603. [CrossRef]
Feng, K.S.; Hubacek, K.; Sun, L.X.; Liu, Z. Consumption-based CO2 accounting of China’s megacities:
The case of Beijing, Tianjin, Shanghai and Chongqing. Ecol. Indic. 2014, 47, 26–31. [CrossRef]
Su, M.; Liang, C.; Chen, B.; Yang, Z.F. Low-Carbon Development Patterns: Observations of Typical Chinese
Cities. Energies 2012, 5, 1796–1803. [CrossRef]
Yang, S.Y.; Chen, B.; Wakeel, M.; Hayat, T.; Alasedi, A.; Ahmad, B. PM2.5 footprint of household energy
consumption. Appl. Energy 2017. [CrossRef]
Ntanos, S.; Chalikias, M. Countries clustering with respect to carbon dioxide emissions by using the IEA
database. In Proceedings of the 7th International Conference on Communication Technologies in Agriculture,
Food and Envitronment (HAICTA 2015), Kavala, Greece, 17–20 September 2015.
Ntanos, S.; Kyriakopoulos, G.; Chalikias, M.; Arabatzis, G.; Skordoulis, M.; Galatsidas, S.; Drosos, D. A social
assessment of the usage of renewable energy sources and its contribution to life quality: The case of an Attica
urban area in Greece. Sustainability 2018, 10, 1414. [CrossRef]
© 2018 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access
article distributed under the terms and conditions of the Creative Commons Attribution
(CC BY) license (http://creativecommons.org/licenses/by/4.0/).

50

energies
Article

Inﬂuencing Factors and Decoupling Elasticity of
China’s Transportation Carbon Emissions
Yong Wang 1,2 , Yu Zhou 1 , Lin Zhu 1 , Fei Zhang 1 and Yingchun Zhang 3, *
1

2
3

*

School of Statistics, Dongbei University of Finance and Economics, Dalian 116025, China;
ywang@dufe.edu.cn (Y.W.); zhouyu940919@163.com (Y.Z.); 18042687217@163.com (L.Z.);
15541145920@163.com (F.Z.)
Postdoctoral Research Station, Dongbei University of Finance and Economics, Dalian 116025, China
School of Economics, Qingdao University, Qingdao 266071, China
Correspondence: zhangyc@qdu.edu.cn; Tel.: +86-138-642-66799

Received: 8 April 2018; Accepted: 2 May 2018; Published: 5 May 2018

Abstract: Transportation is an important source of carbon emissions in China. Reduction in carbon
emissions in the transportation sector plays a key role in the success of China’s energy conservation
and emissions reduction. This paper, for the ﬁrst time, analyzes the drivers of carbon emissions
in China’s transportation sector from 2000 to 2015 using the Generalized Divisia Index Method
(GDIM). Based on this analysis, we use the improved Tapio model to estimate the decoupling
elasticity between the development of China’s transportation industry and carbon emissions. The
results show that: (1) the added value of transportation, energy consumption and per capita carbon
emissions in transportation have always been major contributors to China’s carbon emissions from
transportation. Energy carbon emission intensity is a key factor in reducing carbon emissions in
transportation. The carbon intensity of the added value and the energy intensity have a continuous
effect on carbon emissions in transportation; (2) compared with the increasing factors, the decreasing
factors have a limited effect on inhibiting the increase in carbon emissions in China’s transportation
industry; (3) compared with the total carbon emissions decoupling state, the per capita decoupling
state can more accurately reﬂect the relationship between transportation and carbon emissions in
China. The state of decoupling between the development of the transportation industry and carbon
emissions in China is relatively poor, with a worsening trend after a short period of improvement;
(4) the decoupling of transportation and carbon emissions has made energy-saving elasticity more
important than the per capita emissions reduction elasticity effect. Based on the conclusions of
this study, this paper puts forward some policy suggestions for reducing carbon emissions in the
transportation industry.
Keywords: carbon emissions; inﬂuencing factors; decoupling elasticity; Generalized Divisia Index;
Tapio’s model

1. Introduction
Since the beginning of this century, the concentration of greenhouse gases in the atmosphere,
represented by carbon dioxide, has been steadily increasing, leading to global warming and more
frequent natural disasters. Climate change has become one of the greatest challenges to mankind in
the 21st century. Currently, all countries in the world are constantly seeking solutions and striving
to achieve the goal of lower carbon emissions: the United Nations (UN) has held many international
negotiations on climate change and formulated the “United Nations Framework Convention on
Climate Change” [1] and the “Kyoto Protocol” [2]; in 2016, leaders from more than 170 countries
jointly signed the Paris Agreement [3] focusing on climate change issues at the UN Headquarters.
As the world’s largest developing country, with its rapid economic development, China’s carbon
Energies 2018, 11, 1157; doi:10.3390/en11051157
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emissions remain high. China’s carbon emissions account for about one-third of the world’s total
carbon emissions and rank ﬁrst in the world in carbon emissions [4]. The research data of the Global
Carbon Project [5], an international carbon emission research institution, shows that in 2015, China’s
carbon emissions accounted for 28.65% of the world’s total carbon emissions, far exceeding the second
highest in the United States (14.93%) and the third largest in the European Union (9.68%). To this end,
the Chinese government has actively shouldered its responsibility and obligation to reduce emissions,
and successively formulated numerous energy-saving and emission reduction policies [6–9].
The transportation industry is an indispensable key link in daily life and social production
and a basic industry for economic development in China. Along with the increasing demand for
transportation in China, the transportation industry, while promoting economic growth and facilitating
human life, has also caused a great deal of energy consumption and carbon emissions. The energy
consumption of China’s transportation industry increased from 114,470,000 tons of coal equivalent in
2000 to 383,180,000 tons of coal equivalent in 2015. At the same time, China’s transportation sector
accounts for approximately one-quarter of the carbon emissions, second only to the third largest
carbon sector in the energy and industrial sectors [10]. Moreover, with the continuous progress
of urbanization in China and the increasing number of motor vehicles, carbon emissions in the
transportation industry are still on the rise. At present, China’s transportation industry is at a critical
period of rapid development and transition. By accurately analyzing the drivers of changes in carbon
emissions in the transportation sector, the relationship between transportation development and
carbon emissions can be explored. This is of great and far-reaching practical signiﬁcance for the early
realization of low-carbon transportation.
Factor decomposition and decoupling are important parts of research on carbon emission.
There are deﬁciencies in the methods used to decompose and decouple the carbon emission in
the transportation industry, and indicators in the decoupling—causal chain need to be improved.
The deﬁciencies of the existing research are described in detail in Section 2.3. Therefore, this paper
innovates the research methods of carbon emission factor decomposing and the selection of
decoupling—causal chain indicators in transportation industry, and provides a new research
perspective for accurately analyzing the relationship between the development of transportation
industry and carbon emissions. Speciﬁc innovations and improvements in this article are detailed in
Section 2.3.
The remainder of this article is arranged as follows: Section 2 presents a literature review; Section 3
introduces the measurement of carbon emissions; Section 4 builds the index decomposition model
of the historical evolution of transportation carbon emissions and the decoupling model of carbon
emissions from transportation development; Section 5 analyzes the driving factors and the decoupling
situation; Section 6 presents the discussion and analysis and ﬁnally Section 7 presents the conclusions
and suggestions.
2. Literature Review
This paper studies the inﬂuencing factors and decoupling elasticity of China’s transportation
carbon emissions. The factor decomposition is used to analyze the speciﬁc driving effect of factors
that have impacts on carbon emissions. The decoupling is used to explore the correlation between the
development of the transportation industry and carbon emissions. Therefore, based on the purpose of
this paper, the literature review contains two aspects, one is the inﬂuencing factors of carbon emissions,
and the other is the decoupling of carbon emissions and economic development.
2.1. Literature Review of the Inﬂuencing Factors of Carbon Emissions
An analysis of inﬂuencing factors is an important part of the research on carbon emissions
in the transportation industry. Wang et al. [11] investigated the inﬂuence mechanism of people’s
activity travel scheduling on transportation energy consumption and emissions on holidays in China.
Hao et al. [12] comprehensively measured energy efﬁciency in China’s transportation sector and
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identiﬁes the opportunities for further energy efﬁciency improvements. Wei et al. [13] discussed
carbon dioxide abatement for 29 provinces in China, and concluded that industry composition, energy
mix, openness degree affected carbon dioxide abatement potential. Lugauer et al. [14] estimated the
impact of age distribution on carbon emissions by exploiting demographic variation in a panel of
46 countries. Yang et al. [15] analyzed the allocation of carbon intensity reduction target by 2020
among industrial sectors in China. The factor decomposition method is gradually being used in
research on carbon emissions addressing an impact mechanism that was originally applied primarily
to examine energy consumption [16]. Factor decomposition of changes in carbon emissions includes
structural decomposition and index decomposition. The structural decomposition method requires
an input-output model as its basis so it’s not convenient to analyze in practice. Compared with the
structural decomposition method, the index decomposition method is widely used in environmental
economics because it is suitable for decomposing time series data and models with fewer factors [16].
In general, the index decomposition methods mainly include the Laspeyres decomposition
method, Arithmetic Mean Divisia Index (AMDI) method and Logarithmic Mean Divisia (LMDI)
method. Sun [17] proposed a complete decomposition model, also known as the improved Laspeyres
decomposition method, and used it to analyze the factor for the change of energy intensity and energy
consumption in the world. Rüstemoğlu et al. [18] applied the reﬁned Laspeyres index model to
analyze the impact of four main factors, such as economic activity, employment, energy intensity,
and carbon intensity in carbon emissions changes in Brazil and Russia. Hatzigeorgiou et al. [19]
dealt with the decomposition analysis of energy-related carbon emissions in Greece using the AMDI
technique, and concluded that the income effect was the most important factor contributing to the
increase of carbon emissions. Although the Laspeyres decomposition method has been improved
to solve the original residual problem well, the calculation process becomes very complicated when
the inﬂuencing factor of the decomposition is more than 3 [20]. AMDI has residual problems and
does not apply to cases in which there is a value of 0 in the data. Compared with the above two
exponential decomposition methods, LMDI solves their existing problems well, and the model is
simple. Therefore, it has been widely used in academia to study the inﬂuencing factors of carbon
emissions in transportation and other ﬁelds. Gambhir et al. [21] used the LMDI decomposition method
to determine the main factors of China’s road transportation sector carbon emissions and set different
scenarios to estimate changes in costs and carbon emissions. M’raihi et al. [22] investigated the effects
of the main driving factors of carbon emissions changes from road freight transportation in Tunisia
using decomposition analysis, mainly the LMDI, and the results showed that economic growth and
average petroleum emissions were the main driving factors.
Shi et al. [23] took four Chinese megacities (Beijing, Tianjin, Shanghai, and Chongqing) as case
studies, and decomposed per capita urban carbon emissions into manufacturing, transportation and
construction sectors using LMDI method. Du et al. [24] used LMDI model to analyze the change
of carbon emissions in China’s metallurgy industry, and the empirical results showed that main
factors were labor productivity, energy intensity and industry size. Ma et al. [25] built an LMDI
method with a higher technical resolution and applied it to decompose the growth of energy-related
carbon emissions in China. Wang et al. [26] used LMDI method based on the extended Kaya identity
to explore the main driving factors for energy-related carbon emissions in Guangdong province
annually. De Freitas et al. [27] conducted LMDI decomposition of carbon emissions change from
energy consumption in Brazil. The results demonstrated that economic activity and demographic
pressure were the leading forces explaining emission increase. On the other hand, carbon intensity
reductions and diversiﬁcation of energy mix towards cleaner sources were the main factors contributing
to emission mitigation. Kharbach et al. [28] used LMDI to analyze the drivers for carbon emissions’
increase in Moroccan road transportation sector, and found that population growth and increase
in vehicles ownership were the main causes. Zhu et al. [29] applied LMDI decomposition method
combined with Tapio decoupling model to study the driving factors and decoupling effects of the
transportation sector’s carbon emissions in the Beijing-Tianjin-Hebei area, China. Zhang et al. [30]
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conducted an empirical analysis of urban trafﬁc energy consumption in Beijing, Shanghai and
Guangzhou using the LMDI method. The main factors affecting the energy consumption of Beijing’s
passenger trafﬁc are the number of daily trips per capita followed by the proportion of motorized trips.
The main factor in Shanghai is the urban population, followed by the average single trip distance.
The main factor affecting Guangzhou is the urban population, followed by the number of daily trips
per capita. Shen et al. [10] used the LMDI method to study the drivers of carbon emissions in China’s
transportation sector and found that the main positive drivers were urbanization, the tertiary industry’s
share of the total secondary and tertiary industries, and the total population. The main negative drivers
are the trafﬁc volume per unit of GDP, the energy consumption per unit of trafﬁc volume, the total
secondary and tertiary industries per urban resident population, and the contribution of tertiary
industry to GDP. Zhou et al. [31] carried out LMDI decomposition of transportation carbon emissions
and considered that economic growth is the most inﬂuential factor. Trafﬁc energy conservation is
the second most important factor contributing to the reduction of transportation carbon emissions,
but the driving effect is not stable enough. However, the effect of trafﬁc emissions reduction is the
most limited.
With the growing academic research on index decomposition, the defects of LMDI have also
gradually appeared. Vaninsky [32] noted problems that exist in index decomposition methods such
as LMDI: the model cannot contain multiple relative and absolute factors simultaneously, and the
result of decomposition depends on the interdependence of factors and may lead to results that conﬂict
with economic common sense. To solve these shortcomings, Vaninsky [32] proposed a new index
decomposition model, that is, Generalized Divisia Index Decomposition (GDIM). The GDIM model
can simultaneously contain the impact of multiple absolute and relative variables on carbon emissions,
solve the problems of other index decomposition methods, and more accurately and objectively analyze
the contribution of each driving force to changes in carbon emissions. Currently, Shao Shuai et al. have
used GDIM to disaggregate the historical evolution of China’s manufacturing [33] and mining [34]
carbon emissions and, respectively, have reached the following conclusions: (1) the main driver of
the increase in manufacturing carbon emissions is the investment scale, and the key factors in the
reduction of manufacturing emissions are the output carbon intensity and the carbon intensity of
investment; (2) the primary factor of the promotion of the increase in the mining carbon emissions is
the scale of output with the conclusion that the carbon intensity of the output contributes the most to
the mining carbon emissions reduction.
2.2. Literature Review of Carbon Emissions Decoupling
Factor decomposition of the evolution of the trend of carbon emissions can determine the impacts
of various factors on carbon emission changes. The decoupling analysis is helpful to explore the
relationship between economic growth and carbon emissions to provide a practical solution for
the realization of low-carbon development. According to the Environmental Kuznets Curve (EKC)
hypothesis, economic growth generally leads to increased environmental pressures and resource
consumption. However, when effective policies and new technologies are adopted, the result may
be lower environmental pressures and resource consumption in return for the same or even faster
economic growth; this process is called decoupling. The decoupling of carbon emissions in the
transportation industry is the idealized process of continuously weakening or even causing the
disappearance of the relationship between transportation development and carbon emissions, that is,
realizing the growth of the transportation industry while gradually reducing energy consumption.
To date, scholars have conducted a great deal of research on the decoupling of carbon emissions from
the economy.
Li et al. [35] conducted a decoupling analysis of the added value of Shanxi’s industrial sector
and energy consumption and carbon emissions. They concluded that the province’s industrial GDP,
energy consumption and carbon emissions showed an expansive coupling status. Yang et al. [36] used
the decoupling theory to analyze the characteristics of carbon emissions and economic growth in the
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western region and concluded that the major factor contributing to the increase in carbon emissions
is the rapid growth of the economy, while the impacts of industrial structure, energy intensity and
energy structure on carbon emissions are not the same. Wu et al. [37] discussed decoupling trends in
world economic growth and carbon emissions based on decoupling theories. Lin et al. [38] calculated
the decoupling trend of carbon emissions from China’s heavy industry by presenting a theoretical
framework for decoupling. Diakoulaki et al. [39] analyzed the decoupling relationship between
industrial economic growth and carbon emissions in 14 EU countries and the efforts and achievements
made by various countries. Li et al. [40] analyzed the decoupling state between the carbon emissions of
the construction industry in Jiangsu Province and the province’s economic growth based on the Tapio
decoupling model. Román et al. [41] used the decoupling elasticity approach to analyze the importance
of energy consumption changes in relation to the GDP changes in Colombia. The results showed that
current decoupling-oriented measures were steps in the right direction but efforts made to achieve
decoupling energy consumption from economic growth were not at all effective. Freitas et al. [42]
examined the occurrence of a decoupling between economic activity and carbon emissions from
energy consumption in Brazil. Grand [43] introduced different types of decoupling models in detail
and used them to analyze the decoupling of economic activities and carbon emissions in Argentina.
Roinioti et al. [44] analyzed the decoupling relationship between carbon emissions and economic
growth in Greece with the use of the decoupling index. The results indicated that the decoupling
progress achieved was intercepted during the years of intense recession. Wang et al. [45] studied
China’s industrial carbon emissions based on decoupling elasticity and the Tapio decoupling model.
Hu et al. [46] used the non-competitive I-O model and the Tapio decoupling model to comprehensively
analyze the decoupling relationship between the output of the product sector in China and its embodied
carbon emissions under trade openness. Wan et al. [47] studied the decoupling relationship between
carbon emissions and economic growth of the equipment manufacturing industry in China. As energy
and the environment are facing increasingly serious forms, some domestic and foreign scholars have
shifted their attention from decoupling the relationship between the total carbon emissions and
economic growth to the transportation industry, a high-energy-consuming and high-emission industry,
and they have researched decoupling economic growth from carbon emissions in transportation.
Tapio [48] studied the relationships among transportation volume, greenhouse gases and
transportation economic growth in Europe from 1970 to 2001 by constructing a decoupling model.
Gray et al. [49] studied the decoupling of trafﬁc, carbon emissions and economic growth in Scotland.
Loo et al. [50] explored the potential and the reality of decoupling transportation from economic
growth in 15 major countries such as China, Russia and Canada. Zhao et al. [51] analyzed the
relationship between transportation growth and carbon emissions associating the decomposition
technique with the decoupling elasticity in Guangdong province, China. Using the Tapio elasticity
analysis method, Liu et al. [52] explored the decoupling between transportation development and
economic growth. The results show that there is a clear interaction between the economy and trafﬁc
volume, and they are mutually dependent. Zhou et al. [31] constructed causal chains by introducing
intermediate variables and analyzed the decoupling relationship between economic growth and carbon
emissions based on Tapio’s decoupling model from the perspectives of the decoupling elasticity of
trafﬁc emissions reduction, decoupling elasticity of trafﬁc energy-savings and decoupling elasticity of
trafﬁc development. Table 1 summarizes representative studies on the inﬂuencing factors of carbon
emissions and the decoupling from economic development.
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The decoupling
relationship between
carbon emissions and
economic development

Carbon emission factor
analysis

Research Topics

56

Guo Shiyi [55]

M’raihi et al.

The decoupling of carbon
emissions from industrial
economic growth

The driving factors of
carbon emissions changes
from road freight
transportation in Tunisia

Evolution of carbon
emissions in China and its
driving factors

IGT decoupling
index model

LMDI
decomposition
method

Three complete
decomposition
methods

LMDI
decomposition
method

Factors affecting carbon
emissions in the
transportation sector in
some countries

Timilsina et al.
[53]

Wu et al. [54]

Research
Methods

Research Content

Study Authors

Insufﬁcient Research
Taking some developing countries as
their research subjects cannot completely
explain the impact of urbanization and
other factors on the transportation
industry and has little reference to other
countries.
Consideration of the impact factors of
transportation carbon emissions is
relatively shallow, does not explain the
impact of population growth and
economic growth, and cannot truly reﬂect
the drivers of transportation carbon
emissions.

Due to the inherent ﬂaw in the LMDI
decomposition method used, it is limited
in the selection of factors and only
includes the absolute GDP, which leads to
some important factors not being
considered.
Although the unique advantage of the
IGT model is the ability to quantitatively
analyze the relationship between
economic growth and environmental
loading, the Tapio decoupling model
provides a more detailed breakdown of
decoupling types and is more
appropriate for the current context of
decoupling carbon emissions from
industrial economies.

Research Process
Studying the main inﬂuencing factors of
carbon emissions in Latin America and
the Caribbean countries, such as
population growth, energy intensity, and
energy structure and so on.
A study is conducted on China’s
energy-related changes in carbon
emissions from 1996–1999 and their
inﬂuencing factors. The results show that
energy intensity, the number of motor
vehicles and the average distance
traveled are the driving forces behind the
growth of carbon emissions in
transportation.
This paper decomposes the carbon
emissions changes from road freight
transportation in Tunisia into ﬁve kinds
of factors from 1990 to 2006. The results
show that economic growth and average
petroleum emissions are the main driving
factors.

Based on the IGT decoupling index, the
paper studies the relationship between
industrial economic growth and carbon
emissions in China from 2000 to 2014.
The results show that China’s industry is
in a period of transition from “relative
decoupling” to “absolute decoupling”.

Table 1. Representative studies on the inﬂuencing factors of carbon emissions and the decoupling from economic development.
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Research Topics

Research
Methods

Tapio
decoupling
model

Tapio
decoupling
model

Research Content

Decoupling indicators of
carbon emissions from the
tourism industry in China

The decoupling and
coupling relationship
between trafﬁc carbon
emissions and industrial
economic growth

Study Authors

Tang et al. [56]

Zhou Yinxiang
[57]

Insufﬁcient Research
The decoupling elasticity is not further
decomposed, leading to a shallow
analysis of the decoupling situation, and
the study fails to analyze in more detail
the speciﬁc reasons for the decoupling of
tourism carbon emissions.

In the decoupling model, the total
amount of carbon emissions in the
transportation industry is taken into
account without taking into account the
differences among individuals, making
the analysis not meticulous.

Research Process
This paper explores the decoupling
effects between tourism-related carbon
emissions and the tourism economy from
1990 to 2012. The results show that the
decoupling state is very complicated and
alternates between negative decoupling
and weak decoupling.
This paper measures the decoupling
relationship between China’s
transportation carbon emissions and
industrial economic growth from 1990 to
2013 and the trends of their evolution,
and it constructs the causal chain to
further analyze the inﬂuencing factors
and mechanism of action. The results
show that the decoupling status is not
ideal and that the decoupling depends
mainly on the trafﬁc energy-saving
elasticity.

Table 1. Cont.
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2.3. The Deﬁciencies of the Existing Studies and the Innovations of this Article
Currently, scholars have laid a solid foundation for future exploration with their studies of
the factor decomposition of carbon emissions in transportation and economic development and the
decoupling elasticity. However, taken together, the existing research has the following deﬁciencies:
(1)

(2)

(3)

Decomposition methods of inﬂuencing factors of transportation carbon emissions are ﬂawed.
Most of the studies focused on index decomposition of the inﬂuencing factors of carbon emissions
in the transportation sector use the Logarithmic Mean Divisia Index (LMDI) method. The method
itself has some defects that cause inaccuracies in the decomposition result. Vaninsky [32] noted
that there are two problems with the existing index decomposition methods, including LMDI.
First, the methods decompose the carbon emissions into the product of various factors according
to the Kaya identity. For example, carbon emissions are usually decomposed into the product of
energy carbon emission intensity, energy intensity, GDP per capita and population, while at most
one absolute factor (such as population) can be considered in the decomposition. When other
absolute factors change, such as when energy consumption increases, while other factors remain
unchanged, the model does not show an increase in carbon emissions; it simply reduces the
energy carbon intensity and increases the energy intensity. This is contradictory. Second, due to
the interdependence of various factors, when different factor decomposition models are used,
the methods may lead to different decomposition results.
The choice of inﬂuencing factors of transportation carbon emissions is not comprehensive
enough. In analyzing the changes that affect the carbon emissions in the transportation sector,
the limitations inherent in the selected decomposition method make the factors of the study less
comprehensive. Some studies have expanded the basic decomposition model in order to analyze
more selected factors. Although this can increase the research factors, the selection of factors is
still subject to the Kaya identity; this cannot arbitrarily select the relative factor and the absolute
factor, and at most, it can only study the impact of an absolute factor [32]. This leads to typical
factors, such as the energy consumption and the value added of the sector, not being taken into
account, leaving the ﬁnal conclusion insufﬁciently comprehensive.
The causal chain model of decoupling in transportation is insufﬁcient. Existing research mainly
analyzes the decoupling situation of carbon emissions from economic growth in the transportation
industry by constructing a causal chain. The Tapio model divides the decoupling into eight
types according to the magnitude of the decoupling elasticity. This ﬁne division means that
the calculation results of the decoupling elasticity will be classiﬁed into different categories
with little accuracy. In addition, although the existing research can analyze the reasons for
the decoupling of carbon emissions from the energy-saving elasticity and emissions-reducing
elasticity of transportation, the total amount of carbon emissions in the model is too macroscopic
and does not take into account the differences among individuals. It also makes the calculation
results of the decoupling elasticity not accurate enough and cannot respond sensitively to changes
in the decoupling state, which may lead to deviation in the ﬁnal analysis.

Based on the status of existing research, this paper ﬁrst uses GDIM to factor the changes in carbon
emissions in China’s transportation industry, then analyzes the situation of decoupling transportation
development from carbon emissions. The improvements and innovations in this article are as follows:
(1)

In terms of research methods, this paper is the ﬁrst to analyze the driving factors of changes
in carbon emissions in China’s transportation industry using the Generalized Divisia Index
Method (GDIM) proposed by Vaninsky [32]. Based on the Kaya identity, GDIM constructs a
decomposition model that contains multiple absolute and relative variables by deforming Kaya
identities. There are three advantages to analyzing the driving factors of carbon emissions changes
1 GDIM avoids the inherent ﬂaws of other index
in the transportation industry based on GDIM: 
decomposition methods and breaks through limitations when selecting factors. Furthermore,
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GDIM expands the analysis scope of Kaya’s identity, breaks the formal interdependence of
various inﬂuencing factors, can reveal the impact of more than one absolute factor of change on
carbon emissions in particular, and fully considers the factors that have an impact on carbon
2 GDIM overcomes the contradictions
emissions that are implicit in the decomposition process; 
in the existing index decomposition methods, doesn’t produce results that are inconsistent with
economic common sense and breaks the current situation of interdependence when selecting
factors. Moreover, GDIM avoids the factor decomposition results depending on the selection
of inﬂuencing factors, and makes it impossible to produce paradoxical conclusions when using
3 Using GDIM can examine the implicit environmental
different factor decomposition forms; 
impact factors, and its decomposition result can distinguish the correlation of all the factors
without any double counting problem. Therefore, this paper examines a full range of eight key
factors such as carbon intensity of added value, energy intensity and per capita carbon emissions
in the transportation industry. In particular, it examines three absolute factors that the current
literature fails to pay attention to at the same time, but cannot be ignored: population size, energy
consumption, and added value of transportation industry. This paper uses GDIM to accurately
and comprehensively quantify the actual contribution of the different factors in transportation
carbon emissions, and draws more reasonable decomposition results.
In order to more intuitively demonstrate the reasons for selecting the GDIM model in this paper
and the advantages of the GDIM model, the GDIM model is compared with other typical factor
decomposition methods, as shown in Table 2.
Table 2. Comparison of typical factor decomposition methods.
Methods

Features

Structural decomposition method

It is based on an input-output model, which has higher
requirements on data, and the decomposition result can only be an
additive form. So it’s not convenient to analyze in practice [20].

Laspeyres decomposition method

When the number of inﬂuencing factors exceeds 3, the calculation
process becomes complicated.

AMDI method

The model contains residuals; it cannot be used when there are
zero values in the data.

LMDI method

The result of decomposition depends on the interdependence of
factors and the choice of factors is limited.

GDIM

(2)

It breaks the formal interdependence of various inﬂuencing factors
and makes the results more comprehensive and accurate.

In the selection of indicators, this paper adopts per capita carbon emissions in the transportation
industry in the causal chain of decoupling elasticity for the ﬁrst time. This paper doesn’t use the
indicator of total carbon emissions in the decoupling causal chain model of the transportation
industry, but instead innovatively decomposes per capita decoupling elasticity into per capita
emissions reduction elasticity and energy-saving elasticity. This can further explore the key
reasons for the decoupling of the development of the transportation industry from carbon
emissions, fully take into account the differences among individuals, and reﬂect the individual’s
role and value. In addition, it can more truly reﬂect the actual situation of carbon emissions in
China’s transportation industry and the evolution trend of decoupling state over time than the
previous decoupling causal chain model, avoid the misjudgment of the decoupling situation
caused by the mistake of the calculation result, and make up for the deﬁciency of the existing
decoupling model.
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3. Estimation of Carbon Emissions in China’s Transportation Industry
Currently, China’s ofﬁcial statistical agencies have not released data on carbon emissions in the
transportation sector and need to calculate them. According to China’s current statistical standards and
the “Industrial classiﬁcation for national economic activities of 2017” [58] published by the National
Bureau of Statistics, the transportation industry in this paper includes transportation, storage and
postal services. Among them, transportation includes railway transportation, road transportation,
water transportation, air transportation, pipeline transportation, multimodal transportation and
transportation agency industry. It should be pointed out that some people still have misunderstandings
about the scope of the transportation industry and believe that the production of transportation goods,
such as vehicles, fuels and infrastructure, also belong to the transportation industry. However, in the
“Industrial classiﬁcation for national economic activities of 2017”, production of transportation goods
belongs to the manufacturing industry, and the use of vehicles belongs to the transportation industry.
This article uses the ofﬁcial classiﬁcation, and the deﬁnition of the transportation industry in this paper
is also widely used in other studies, such as Zhao et al. [51], Wang et al. [59], and Hao et al. [12].
The carbon emissions from human activities mainly come from the consumption of fossil fuels,
while most of the carbon emissions data are calculated indirectly through energy consumption.
The fossil fuel energy consumed by the transportation industry mainly includes raw coal, coke,
gasoline, diesel oil, and natural gas. Based on fossil energy consumption data, this paper used
the calculation method of carbon emissions from energy consumption described in the IPCC GHG
Inventories Guide, and combined various coefﬁcients published by the Chinese government to measure
carbon emissions from the transportation industry. The carbon emission calculation method used in this
paper is currently widely used by academics, such as Wei et al. [13], Freitas et al. [42], Zhou et al. [31].
The speciﬁc formula is (1):
CO2 =

∑ Ei × CVi × CCFi × (1 − CSi ) × Oi × (44/12)

(1)

i

In Equation (1): i = 1, 2, · · · , 8 indicates the type of energy. To ensure the accuracy of the
estimation results, this paper fully considers eight kinds of fossil fuels, including raw coal, coke, crude
oil, fuel oil, gasoline, kerosene, diesel oil and natural gas; CO2 is the total carbon emissions from
transportation energy consumption in units of 104 tons; Ei is the consumption of fossil fuels in units of
104 tons or one hundred million cubic meters; CVi is the average low caloriﬁc value in units of kJ/kg
or kJ/m3 ; CCFi is the unit of carbon content of caloriﬁc value in tons/TJ; CSi is the carbon ﬁxation rate;
Oi is the rate of carbon oxidation; 44 is the molecular weight of CO2 ; and 12 is the atomic weight of C.
The carbon emissions of China’s transportation industry are calculated according to Equation (1).
The values of the coefﬁcients are derived from the literature [31] and reference “China Energy
Statistical Yearbook” [60] (2000–2015), “A Study on City Greenhouse Gas Emissions Inventory” [61]
and “2006 IPCC Guidelines for National Greenhouse Gas Inventories” [62]. The sequence length of
each fossil energy consumption in transportation is 2000–2015, and the data are from “China Energy
Statistical Yearbook”. Considering that the electricity does not directly produce CO2 , in order to avoid
double counting, the electricity consumed by the transportation industry has not been included in
our calculation.
4. Methods
4.1. Decomposition Model of Inﬂuencing Factors of Carbon Emissions in the Transportation Industry—GDIM
We have considered the defects of the decomposition methods such as LMDI. Thus, in order to
comprehensively investigate the driving factors of changes in carbon emissions, this paper uses the
GDIM proposed by Vaninsky [32].
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(1) Creating an expression of carbon emissions and related factors. The index Z is a function of
the inﬂuencing factors X1 ,X2 , . . . ,Xn , and Xi varies with time t: Xi = Xi (t); they are related to each
other by Equation (2):
Z = f ( X ) = f ( X1 , . . . , X n ) ,
Φ j ( X1 , . . . , Xn ) = 0, j = 1, . . . , k

(2)

In this paper, let Z = CO2 , X1 = GDPt , X2 = (CO2 /GDPt ), X3 = E, X4 = (CO2 /E), X5 = P,
X6 = (CO2 /P), X7 = (GDPt /P), and X8 = (E/GDPt ), where CO2 is the transportation carbon emissions
(104 tons), GDPt is the transportation added value (100 million yuan), CO2 /GDPt is the carbon intensity
of added value (tons/104 yuan), E is the energy consumption (104 tons of coal equivalent), CO2 /E is
the energy carbon emission intensity (ton/ton of coal equivalent), P is the population size (104 persons),
CO2 /P is the per capita carbon emissions in the transportation industry (ton/person), GDPt /P is
the per capita added value of transportation (104 yuan/person), and E/GDPt is the energy intensity
(tons of coal equivalent/104 yuan). The transportation carbon emissions and related factors are
expressed by Equations (3)–(5):
(3)
Z = X1 X2 = X3 X4 = X5 X6
X7 = X6 /X2

(4)

X8 = X2 /X4

(5)

Further, Equations (3)–(5) are transformed into the form of the system of Equations (2); these are
Equations (6)–(10):
(6)
Z = X1 X2
X1 X2 − X3 X4 = 0

(7)

X1 X2 − X5 X6 = 0

(8)

X1 − X5 X7 = 0

(9)

X3 − X1 X8 = 0

(10)

(2) Constructing the Jacobian matrix of inﬂuential factors. For factor X, let Z(X) denote its
contribution to the change in carbon emissions. Constructing a Jacobian matrix ΦX composed of
various inﬂuencing factors from Equations (6)–(10), where (Φ X )ij =
⎛

X1
X1
0
0

X2
⎜ X
⎜
2
ΦX = ⎜
⎝ 1
− X8

− X4
0
0
1

− X3
0
0
0

0
− X6
− X7
0

0
− X5
0
0

0
0
− X5
0

∂Φ j
∂Xi ,

i = 1,2, . . . ,8; j = 1,2, . . . ,4:

0
0
0
− X1

⎞T
⎟
⎟
⎟
⎠

(11)

(3) Discovering the changes in carbon emissions and the contribution of various inﬂuencing
factors. According to the principle of GDIM, the variation in carbon emissions ΔZ is decomposed into
the following sum of contributions of each factor of Equation (12):
ΔZ [ X |Φ] =


L

∇ Z T I − Φ X Φ+
X dX

(12)

∂Z
f 1 , . . . , f n , f i = ∂X
In Equation (12), L refers to the time span; ∇Z =
, i.e.,
i



∇ Z = ( X2 , X1 , 0, 0, 0, 0, 0, 0); I is the unit matrix; dX = diag X1 , X2 , . . . , Xn dt; “+” refers to the
T

generalized inverse matrix; Φ+
X =

Φ TX Φ X

−1

Φ TX if the columns in the Jacobian matrix Φ X are

linearly independent, and the coordinates of the row vector ΔZ [ X |Φ] are the decomposition ΔZXi of
each factor.
From Equation (12), the variation ΔZ of carbon emissions is divided into the sum of eight effects:
ΔZX1 , ΔZX2 , ΔZX3 , ΔZX4 , ΔZX5 , ΔZX6 , ΔZX7 , and ΔZX8 . Among them, the three absolute factors ΔZX1 ,
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ΔZX3 and ΔZX5 represent the impact of changes in the added value of transportation, changes in
energy consumption and changes in the population size on carbon emissions in the transportation
sector, respectively. In terms of relative factors, ΔZX2 represents the impact of low-carbon changes in
transportation development on changes in carbon emissions; ΔZX4 represents the impact of energy
structure adjustment on changes in carbon emissions; and ΔZX6 reﬂects changes in carbon emissions
caused by low-carbon changes in people’s travel; ΔZX7 reﬂects the impact of changes in per capita
added value of transportation on changes in carbon emissions; and ΔZX8 shows the impact of changes
in energy efﬁciency on changes in carbon emissions.
The paper uses the data of China’s transportation industry from 2000 to 2015. The added value
of transportation and population size come from the “China Statistical Yearbook” [63] (2000–2015),
and the energy consumption comes from the “China Energy Statistical Yearbook” [60] (2000–2015).
To maintain the comparability of data, the added value of the transportation sector is adjusted at
constant 2000 prices to eliminate the impact of price ﬂuctuations.
4.2. The Decoupling Model of Carbon Emissions from Transportation Development—Tapio
“Decoupling” is the phenomenon of a breakdown in the coupling between economic development
and environmental pressure [64]. If economic development did not lead to increased environmental
pressure and even less environmental pressure, then “decoupling” could be found. Based on
the Organization for Economic Co-operation and Development (OECD) decoupling model, Tapio
introduced the concept of “decoupling elasticity” to construct the decoupling index, which solves
the difﬁculty of the OECD decoupling model in the selection of the base period. It comprehensively
and carefully divides the decoupling state and is the most widely used decoupling relationship
research method.
According to Tapio’s theory of decoupling, this paper constructs a decoupling model between the
economic growth of transportation and carbon emissions, and in order to further explore the reasons
for the decoupling between the two, a causal chain is constructed for the decoupling model:
%ΔCO2
%ΔGDPt

=

%ΔCO2
%ΔE

×

%ΔE
%ΔGDPt

(13)

In Equation (13), %ΔCO2 , %ΔGDPt and %ΔE represent the percentages of changes in carbon
%ΔCO2
emissions, value added and energy consumption in transportation, respectively; %ΔGDP
represents
t

2
the decoupling elasticity between economic growth and carbon emissions in transportation; %ΔCO
%ΔE
represents the elasticity of emission reduction between transportation energy consumption and carbon
%E
emissions; and %ΔGDP
represents the energy-saving elasticity between transportation economic
t
growth and energy consumption.
Most of the studies on the decoupling of transportation industry refer to Equation (13).
To overcome the shortcomings of the model, the total carbon emissions in Equation (13) are replaced
by per capita carbon emissions in the transportation industry:

%Δ(CO2 /P)
%ΔGDPt

=

%Δ(CO2 /P)
%ΔE

×

%ΔE
%ΔGDPt

(14)

In Equation (14), %Δ(CO2 /P) represents the percentage change in carbon emissions per
%Δ(CO2 /P)
capita in the transportation industry; %ΔGDP
represents per capita decoupling elasticity between
t
%Δ(CO /P)

2
transportation economic growth and carbon emissions; and
represents per capita emissions
%ΔE
reduction elasticity between transportation energy consumption and carbon emissions.
According to the Tapio decoupling elastic value of the division, the decoupling situation of
development of transportation from carbon emissions is subdivided into eight kinds of states [48].
This division standard is also widely used in other studies at present, such as Román et al. [41],
Zhao et al. [51] and Jiang et al. [65]. The speciﬁc divisions and their meanings are shown in Table 3.
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Table 3. Division of the decoupling of transportation development from carbon emissions.
Decoupling State

%Δ(CO2 /P) %ΔGDPt

Strong decoupling

-

+

Per Capita
Decoupling Elasticity

Meaning

(−∞,0)

Economic growth, decreasing carbon emissions
Economic growth, increased carbon emissions,
carbon emissions increased less than the rate of
economic growth

Weak decoupling

+

+

[0,0.8)

Recessive
decoupling

-

-

(1.2, +∞)

Strong negative
decoupling

+

-

(−∞,0)

Economic recession, carbon emissions increase

Weak negative
decoupling

-

-

[0,0.8)

Economic recession, carbon emissions decrease,
but the decrease in carbon emissions is less
than the magnitude of economic recession

Expansive negative
decoupling

+

+

(1.2, +∞)

Economic growth, increased carbon emissions,
carbon emissions increased more than
economic growth

Expansive
coupling

+

+

[0.8,1.2]

Economic growth, increased carbon emissions,
the increase in carbon emissions is greater than
or equal to the economic growth rate

Recessive coupling

-

-

[0.8,1.2]

Economic recession, carbon emissions decrease,
carbon emissions are less than or equal to the
magnitude of economic recession

Economic recession, carbon emissions
decreasing, but the decrease in carbon
emissions is greater than the economic
recession

4.3. Model Summary
The research methods and models of the inﬂuencing factors and the decoupling of carbon
emissions from transportation development are summarized in Figure 1.

Figure 1. The summary of research methods and models.
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5. Analysis of Results
5.1. Analysis of the Factors Affecting Carbon Emissions in the Transportation Industry
5.1.1. Concrete Analysis of the Factors Affecting Carbon Emissions in the Transportation Industry
The time range of this study is from 2000 to 2015. To facilitate the analysis of the results,
it is divided into three sub-stages: 2000–2005, 2005–2010 and 2010–2015. Using the R software
(R i386 3.4.1) [32] to decompose the driving force of carbon emissions in transportation by the
generalized Divisia index method, the result of factorization can be calculated according to
Equations (8) and (12) as shown in Figure 2.

Figure 2. Staged factor decomposition results of the evolution of transportation carbon emissions.

As seen in Figure 2, among the eight factors affecting transportation carbon emissions, the added
value of transportation, energy consumption, population size and per capita carbon emissions in the
transportation industry have all shown an increasing effect on carbon emissions. However, the energy
carbon emission intensity and per capita added value in the transportation industry show a declining
effect on carbon emissions. The increasing and decreasing effects of carbon intensity on the added
value and energy intensity have emerged:
(1) The driving factors for the growth of carbon emissions in the transportation industry are
strong. Among the various factors that promote growth in carbon emissions, the growth-enhancing
effect of the added value of transportation industry is constantly increasing. In 2000–2005, 2005–2010
and 2010–2015, the added value of transportation contributed to 45,883,200 tons, 61,226,800 tons and
66,330,900 tons of carbon emissions, respectively. This is mainly due to the rapid growth of China’s
economy, which has led to the ever-increasing length of its transportation routes. The average annual
growth rate of regular-service airline routes in the transportation routes has even reached 8.79%. At the
same time, the transportation equipment is also growing, resulting in a corresponding increase in
carbon emissions.
The effect of energy consumption on increased transportation carbon emissions also shows an
increasing trend, reﬂecting the continuous growth of China’s high-energy transportation modes and
the high share of all transportation modes. For instance, the proportion of passenger trafﬁc of civil
aviation increased from 0.45% in 2000 to 2.24% in 2015, and the proportion of passenger trafﬁc on
railways increased from 7.11% in 2000 to 13.04% in 2015. Although the proportion of passenger
trafﬁc on the road has decreased, it has still retained approximately 80% of the share in recent years.
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At the same time, with the improvement in people’s living standards and quality of life, people’s
demand for transportation is increasing. The number of motor vehicles such as private cars is rapidly
increasing, and the courier and take-out industries are developing rapidly, which greatly increases the
consumption of transportation energy so that the corresponding amount of carbon emissions continues
to increase.
The evolutionary trend of the effect of population size on the promotion of carbon emissions in
the transportation industry is identical to the above two factors, from 2.4918 million tons in 2000–2005
to 4.3635 million tons in 2010–2015. The reason for this is that the absolute number of the Chinese
population is constantly increasing and is accompanied by an increase in the rate of urbanization.
This has increased the rigid demand for transportation and has led to a continuous increase in carbon
emissions in transportation. Quantitatively speaking, the effect of population size on the increase in
carbon emissions is relatively small. This is due to China’s implementation of the family planning
policy, which limits the natural increase in the population.
The per capita carbon emissions in the transportation industry show greater volatility in
promoting the growth of transportation carbon emissions, decreasing from 50.9032 million tons in
2000–2005 to 47.4734 million tons in 2005–2010 and then increasing to 63.7025 million tons in 2010–2015.
This is because under the impact of the 2008 international ﬁnancial crisis, the economic downturn
caused a decrease in people’s willingness to spend, leading to a drop in consumption-based travel,
such as tourism, in approximately 2008 and resulting in a decrease in the increasing effect of per capita
carbon emissions.
(2) The effect of each reduction factor on the suppression of carbon emissions growth is weaker.
Among all the factors contributing to the decrease, the declining effect of energy carbon emission
intensity has been steadily increasing from 80,200 tons in 2000–2005 to 2,611,700 tons in 2005–2010,
then increasing to 3,760,800 tons in 2010–2015. This shows that the optimization of the energy structure
in China’s transportation industry shows obvious results. Among them, the energy structure showed a
signiﬁcant low-carbon adjustment in 2005–2010 thanks to China’s goal of optimizing energy structure
proposed during The Eleventh Five-Year Plan period. The proportions of coal and petroleum dropped
by 3.0 and 0.5 percentage points, respectively; natural gas and other renewable energy sources
increased by 2.5 and 0.3 percentage points, respectively. In recent years, China’s high-speed rail
construction has developed rapidly, and the electriﬁcation rate has thus been upgraded. As a result,
this objectively optimizes the energy structure of the transportation industry and promotes a decrease
in carbon emissions.
The per capita added value of transportation has a more stable effect on reducing carbon emissions.
In 2000–2005, 2005–2010 and 2010–2015, the per capita added value of the transportation industry led
to decreases of 10,886,100 tons, 12,160,400 tons and 10,700,800 tons of carbon emissions, respectively.
It seems counterintuitive that the per capita added value of the transportation industry has a negative
effect on carbon emissions, and the absolute value is small relative to other factors. Vaninsky [32] stated
that per capita added value in the transportation sector is a relative quantity factor and includes two
indicators that have an impact on carbon emissions: the added value of transportation and population
size. Changes in these indicators affect their carbonization, and they are also energy-related. As the per
capita added value of the transportation industry is correlated with some indicators, its change affects
all through Equations (6)–(10). In this way, changes in per capita added value in the transportation
industry are allocated to all of these indicators. Only part of its own change is due to changes
in per capita added value and is calculated by Equation (12) in the impact on changes in carbon
emissions. The remaining part is included in the impact of other indicators and accordingly adjusts
the response level of the resulting indicator, Z. Therefore, even if the per capita added value of the
transportation industry increases the carbon emissions, if the value is not large enough, it may show
a negative value. On the other hand, with the rapid economic growth in China, the state gradually
extends the welfare of the people from the most basic medical care to transportation and other ﬁelds.
For instance, the government subsidizes transportation to impoverished laborers working across
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provinces. The negative impact of per capita added value of transportation on carbon emissions shows
that the motivation of people’s welfare lags behind the development of the national transportation
economy [32].
The carbon intensity of added value contributed to the increases of 4,879,900 tons and 460,000
tons of carbon emissions in 2000–2005 and 2010–2015, respectively, while the effect of declining
in 2005–2010 is very obvious, with 8,956,500 tons. This is because for the ﬁrst time in China’s
“The Eleventh Five-Year Plan”, energy conservation and emissions reduction were binding targets,
and an energy-savings and emissions reduction indicator system, a testing system, an assessment
system and a target responsibility system were established to make the transportation industry’s
energy conservation and emissions reduction efforts continue to strengthen and effectively enhance the
carbon productivity of the transportation industry and raise the low-carbon level of its development.
In the period of 2010–2015, due to a lack of overall planning and promotion of standards and policies
related to transportation, the carbon intensity of added value shows a weak increasing effect.
In the period of 2000–2005, the effect of the decrease in energy intensity was 467,400 tons.
In 2005–2010, it increased the carbon emissions by 186,900 tons. Finally, carbon emissions were
restrained by 229,600 tons in 2010–2015. This shows that the energy efﬁciency of China’s transportation
industry has improved in recent years. This can be attributed to the fact that China attached great
importance to energy development during The Twelfth Five-Year Plan period and set a target of
16% reduction in energy intensity per unit of GDP by 2015 to guide the transportation industry
to continuously improve energy efﬁciency, avoid the unnecessary waste of energy, and extend the
duration of energy use under a given supply.
5.1.2. Cumulative Contribution Analysis of Factors Affecting Carbon Emissions in the
Transportation Industry
To more clearly and comprehensively reﬂect the dynamic impacts of the above eight factors on
the changes in carbon emissions from 2000 to 2015, the contribution of each factor to carbon emissions
was accumulated year by year. Based on 2000, the cumulative effect of each factor was calculated,
as shown in Figure 3.

Figure 3. Cumulative contribution of drivers of changes in carbon emissions in transportation.
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(1) The cumulative growth of transportation carbon emissions is larger. Figure 3 shows that
during the period of 2000–2015, the cumulative carbon emissions from transportation increased by
464,478,100 tons, and the cumulative growth after 2000 was both positive and increasing. This is
because after China acceded to the World Trade Organization in 2001, the transportation industry
enjoyed many opportunities for development, resulting in the expansion of the transportation market.
The industry, including warehousing, concentrated transportation and other industries related to
transportation, was open to the outside world, and international trade was frequent. At the same
time, the process of urbanization in China entered a phase of an all-round promotion since 2002.
The population and area of cities constantly expanded, and the demand for transportation rapidly
increased. Together, these factors contributed to the rapid development of the transportation sector
and consumed a large amount of energy, resulting in a substantial increase in the accumulated carbon
emissions of the transportation industry.
(2) The cumulative contribution of each factor to carbon emissions is different in size and trend.
Figure 3 shows that the added value of transportation and energy consumption are the primary
factors driving the increase in carbon emissions. Carbon emissions from transportation added value
increased from 6,137,100 tons in 2001 to 161,496,400 tons in 2015, an average annual growth rate of
26.31%. Total energy consumption increased by 162,401,800 tons of carbon emissions in 2000–2015.
Per capita carbon emissions in the transportation sector are also an important factor in promoting the
growth of carbon emissions. However, the growth-boosting effect of per capita carbon emissions was
surpassed by the added value of the transportation industry in 2007 and maintained its rapid growth
at an average annual rate of 39.78%. The effect of population size on carbon emissions growth was
relatively weak. By 2015, its cumulative result was 10,892,500 tons of carbon emissions. Per capita
added value of transportation and energy carbon emission intensity are the main factors of carbon
emissions reduction. Among them, the effect of energy carbon emission intensity gradually emerged
after 2008, and the effect of its reduction increased rapidly from 2008 to 2015 at an average annual
rate of 34.81%. The carbon intensity of added value has generally reduced carbon emissions in
2000–2015, reducing a total of 3.5895 million tons of carbon emissions, but its volatility was greater.
Energy intensity had a small effect on reducing carbon emissions, and its growth rate was relatively
slow; it reduced 934,300 tons of carbon emissions cumulatively by 2015. From the above results,
we can see that the added value of transportation and energy consumption still play a signiﬁcant
role in the growth of carbon emissions. The adjustment of energy structure and the improvement
in energy efﬁciency in the transportation sector, which are highly valued by China, have achieved
initial success in their contribution to carbon emissions reduction but are still far from the expected
targets and still have much room for improvement. Since economic development is the driving force of
national rejuvenation and the guarantee of people’s livelihood, the countermeasures to reduce carbon
emissions by sacriﬁcing the economic growth rate are not in keeping with the fact that China is still in
a ‘developing country’s’ situation; however, this is not conducive to achieving energy conservation,
emissions reduction and sustainable development in the transportation industry. Therefore, based on
the above results, in the future, China’s transportation industry should focus on improving energy
efﬁciency, increase the proportion of clean energy in the energy mix and actively implement a carbon
reduction policy that focuses on low-carbon and energy-saving development.
Summary: The eight factors studied have different effects on carbon emissions, and the driving
effect of the increasing factors are more obvious. The decreasing factors still have a lot of room for
improvement in curbing carbon emissions in China’s transportation industry.
5.2. Analysis of the Decoupling Elasticity between Transportation Development and Carbon Emissions
By decomposing the evolving trend of carbon emissions in the transportation sector, the present
study investigated the actual contribution of each factor to the change in carbon emissions in the
transportation industry. Decoupling can help to explore the interaction between carbon emissions and

67

Energies 2018, 11, 1157

economic development. In the following section, we further analyze the decoupling situation between
transportation development and carbon emissions based on factor decomposition.
Based on Equation (14), we calculated the per capita decoupling elasticity, per capita emissions
reduction elasticity and energy-saving elasticity of transportation development and carbon emissions
from 2001 to 2015. To more clearly reﬂect the size of each decoupling indicator and the relationships
among them, we created a trend graph, as shown in Figure 4.

Figure 4. The decoupling of carbon emissions from transportation development and the trend of
decoupling elasticity.

As can be seen in Figure 4, the decoupling of the development of China’s transportation industry
and carbon emissions has ﬂuctuated greatly. This is similar to the existing studies, such as the study
by Zhao et al. [51] and Zhou et al. [31] on the decoupling of the development of transportation
industry and carbon emissions in Guangdong Province and the whole country. In Figure 4, we can see
that during the period of 2001–2015, there are three types of decoupling between the development
of transportation industry and carbon emissions: “weak decoupling”, “expansive coupling” and
“expansive negative decoupling”. Among them, more than half of the years experience “expansive
coupling” and “expansive negative decoupling”, indicating that the decoupling of carbon emissions
from transportation development is poor, and the economic growth of the transportation industry is
accompanied by an increase in carbon emissions.
Overall, during the period of 2001–2015, the decoupling of carbon emissions from transportation
development shows a tendency to deteriorate ﬁrst, then to improve, and then to slightly deteriorate
again. The years 2001–2004 were a period of deterioration in decoupling; 2005–2009 was a period of
1 From 2001 to 2004,
improvement, and 2010–2015 was a period of slight deterioration in decoupling. 
the period was dominated by expansive negative decoupling, namely, the increase in carbon
emissions was greater than the economic growth of the transportation sector. This is mainly due
to the improvement in the global economic situation and the expansion of the economic scale of
China’s transportation industry. For the purpose of boosting domestic demand and increasing
investment, China implemented a proactive macro-economic policy and launched a large number of
high-energy-consuming and repetitive infrastructure projects [31]. In addition, online sales, such as

68

Energies 2018, 11, 1157

Taobao, developed rapidly during this period. However, these basic projects and online sales led to a
sharp increase in demand and the consumption of energy while promoting the development of the
transportation industry [31], but the state lacked effective emissions reduction measures to control
2 During 2005–2009, in 2006 only, the decoupling state was expansive coupling. During the rest
this. 
of the years, there was weak decoupling, meaning that the growth rate of the transportation carbon
emissions was less than the rate of economic growth. This is mainly because during the period when
China developed its transportation industry, China increased its emphasis on carbon emissions, set a
hard target for energy conservation and emissions reduction, and promulgated a number of laws and
regulations such as the “Renewable Energy Law”. At the same time, China’s overall improvement in
the level of opening up provided ample opportunities for high and new technology industries to speed
up the development of high and new technology industries, which have the characteristics of high
added value and low transportation density [66], thus optimizing the decoupling of transportation
development from carbon emissions and transforming the economic growth mode from extensive to
3 During the period of 2010–2015, the transportation carbon emissions showed obvious
intensive. 
signs of increases compared with the previous period. The decoupling state was mainly dominated
by expansive coupling and even showed expansive negative decoupling in 2012. This shows that the
transportation industry’s energy-saving emissions reduction efforts were insufﬁcient at this stage and
did not reach the desired state. Under the background of the problem that trafﬁc congestion is difﬁcult
to solve and there has been a rapid increase in the number of motor vehicles, the road toward energy
conservation and emissions reduction in China’s transportation industry is still full of bumps.
After replacing total carbon emissions with per capita carbon emissions in the transportation
sector, the decoupling status in 2002 and 2008 is different from the previous calculation. In 2002,
the decoupling state of total carbon emissions was expansive negative decoupling, while the per capita
decoupling state was expansive coupling. In 2008, the decoupling state of total carbon emissions
was expansive coupling, while the per capita decoupling state was weak decoupling. China formally
joined the World Trade Organization in late 2001, causing an increase in the trafﬁc demand in 2002
and an increase in carbon emissions. At the same time, the state analyzed in depth the opportunities
and challenges brought by the accession to the World Trade Organization for energy development in
The Tenth Five-year Plan for Energy Development and formulated energy development strategies that
focused on optimizing the energy structure and making efforts to improve energy efﬁciency. It guided
the transportation industry to gradually pursue energy-saving emissions reduction and to some extent
slowed the increase in carbon emissions. Therefore, the per capita decoupling state was changed from
weak decoupling in 2001 to expansive coupling in 2002. With the continuous opening up of China,
the transportation industry faced increasingly ﬁerce price competition, especially in the impact of road
transportation. Therefore, compared with the growth rate of the transportation economy, the increase
in its carbon emissions was larger, leading to a worsening per capita decoupling status in the next
two years, from expansive coupling in 2002 to expansive negative decoupling. In 2008, the global
economic crisis caused a great impact on China’s transportation industry. Coupled with the continuous
progress of energy conservation and emissions reduction, the per capita decoupling status showed
weak decoupling. It can be seen from this that the per capita decoupling state can more accurately
and subtly reﬂect the relationship between the development of the transportation industry and carbon
emissions compared with the decoupling state calculated through the transportation of total carbon
emissions, so we can conduct a better and more comprehensive analysis and provide a reference for
the formulation of energy conservation and emissions reduction policies by the state.
There is a relatively large gap between the trend of the energy-saving elasticity and per capita
emissions reduction elasticity. As seen in Figure 4, the volatility of energy-saving elasticity is relatively
large, especially in the sharp increase in energy-saving elasticity in 2001–2002. After a period
of ﬂuctuation, the energy-saving elasticity has also picked up in recent years, indicating that the
transportation industry is more dependent on energy consumption and that energy efﬁciency needs
to be improved. Per capita emissions reduction elasticity ﬂuctuated relatively more in 2008–2010
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and almost overlapped with per capita decoupling elasticity, which shows that per capita emissions
reduction elasticity, which is the energy consumption structure, has a more important impact on
decoupling the development of transportation from carbon emissions during this period. However,
per capita emissions reduction elasticity changed little in general, tended to be stable, and had little
effect on the decoupling status. Within the entire period of 2001–2015, the trends of energy-saving
elasticity and per capita decoupling elasticity were almost the same, both rising and falling, indicating
that compared with per capita emissions reduction elasticity, energy-saving elasticity played a more
crucial role in decoupling the development of transportation from carbon emissions. This is consistent
with the analysis of energy intensity in the factor decomposition above. Energy intensity showed a
declining effect on carbon emissions in 2001, 2005, 2007, 2009 and 2014. Although energy intensity
showed a stimulus-increasing effect in 2008, its value was relatively small, only 2770 tons. However,
the decoupling of transportation development from carbon emissions has shown weak decoupling in
the past few years.
Summary: The causal chain model of the per capita decoupling elasticity accurately reﬂects that
the decoupling state of carbon emissions from the development of China’s transportation industry is
relatively poor. And energy-saving elasticity plays a more important role in decoupling than the per
capita emissions reduction elasticity.
6. Discussion and Analysis
6.1. Discussion on the Comparison between the Results of This Paper and the Existing Research Results
This study explores the factors inﬂuencing carbon emissions in China’s transportation industry
and the decoupling relationship between carbon emissions and the development of the transportation
industry. Many scholars have done similar research on these two aspects. The following two
representative articles were selected to compare with the results of this study.
(1) Comparing driving factors of the evolution of China’s transportation carbon emissions.
Zhou et al. [31] conducted an LMDI decomposition of China’s transportation carbon emissions from
1995 to 2012, extending the Kaya identity and discussing the impact of ﬁve factors on carbon emissions.
Three of them are the same as the research factors in this paper, namely, energy carbon emission
intensity, energy intensity and population size. The comparison of the results is shown in Table 4.
Table 4. Comparison of the results of driving factors. Unit: 104 tons

Years

2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012

Energy Carbon Emission
Intensity Effect

Energy Intensity Effect

Population Size Effect

Comparative
Literature

This Article

Comparative
Literature

This Article

Comparative
Literature

This Article

−163.28
157.67
−505.51
131.51
449.20
3.16
17.09
−412.6
−213.71
−112.07
−387.76
258.27

−54.03
44.81
−146.47
83.39
111.62
43.59
−51.12
−110.16
−119.30
−48.33
−172.46
50.14

−1124.04
−233.32
1916.89
843.15
−206.91
108.76
−1291.05
−1186.17
−335.39
101.38
−187.74
1793.08

−5.76
−1.60
−45.10
−13.73
−1.18
0.63
−4.26
0.28
−0.75
−3.37
0.17
−15.28

150.57
146.24
149.20
168.30
194.37
193.57
207.09
215.37
212.77
222.65
243.08
275.97

48.38
47.57
49.37
55.50
64.37
63.09
66.69
70.43
70.68
72.27
79.12
89.92

1 the direction of the effect of energy carbon emission intensity on the carbon
As seen in Table 4, 
emissions in the transportation sector is almost the same in the two studies, with the opposite direction
in 2007 only. The comparative study shows the promotion effect, and this paper shows the inhibitory
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effect. Considering that the two studies are basically consistent with the overall change trend of energy
carbon emission intensity in terms of transportation carbon emissions and that the gap before and after
is one year only in the turning year in which the energy carbon emission intensity plays a role, this is
2 In both papers, there is a big gap between the magnitude of the effect of energy intensity
acceptable. 
on transportation carbon emissions. In recent years, China has focused on energy development and
has guided the transportation industry to improve the efﬁciency of energy utilization so that energy
intensity has a negative effect on carbon emissions in most years. However, although the adjustment
of energy intensity is effective, it does not reach the expected level, making the effect of reducing
energy intensity weaker and in some years even showing a slight increase in the effect. Therefore,
the maximum declining effect of the energy intensity in this paper is only 451,000 tons in Table 4,
3 The population size in both papers contributed
and the increasing effect does not exceed 10,000 tons. 
to carbon emissions. This is due to the huge population base in China at present, but the sizes of
the two studies are quite different. China’s family planning policy, which has been implemented for
several decades, has greatly limited the increase in the natural population growth rate and causes the
population scale to promote carbon emissions, but its value is not great.
From the above comparative analysis, it can be seen that compared with the paper using the
LMDI decomposition method used in previous studies to study the inﬂuencing factors, using GDIM to
explore the drivers of transportation carbon emissions can not only allow more key factors to be chosen
but also shows more reasonable decomposition results and helps to develop practical policy measures.
At present, there are studies on the factors of carbon emissions in the transportation industry,
such as Tunisia and Morocco. M’raihi et al. [22] used LMDI to decompose Tunisia’s carbon emissions
from road freight from 1990 to 2006 into average oil emissions, oil consumption share of road freight,
oil consumption intensity of road fright, road freight intensity, and GDP. The results show that economic
growth is a major factor in the increase of carbon emissions in the transportation industry, which is
the same as the study in this paper. In addition, the paper also analyzes the cumulative contributions
of various inﬂuencing factors and can more clearly reﬂect the dynamic impact of economic growth
on carbon emissions changes. Kharbach et al. [28] used LMDI to decompose the carbon emissions
from the road transportation industry in Morocco into the average ﬂeet emission factor, energy use,
motor vehicle ownership, and population. The study found that population growth and the increase
in motor vehicle ownership have a catalytic effect on carbon emissions, which is the same as this paper.
In addition, the paper also studied the carbon emissions per capita and found that per capita carbon
emissions contributed signiﬁcantly to the growth of carbon emissions.
(2) Comparing the decoupling between the development of China’s transportation industry
and carbon emissions. Based on the Tapio decoupling model, Zhou Yinxiang [57] studied the
decoupling relationship between the development of the transportation industry and carbon emissions
in 1990–2013 and their evolution and constructed the causal chain to explore the inﬂuencing factors of
decoupling. In the same manner as in this present paper, Zhou Yinxiang concluded that whether the
development of the transportation industry can be decoupled from carbon emissions depends more
on energy-saving elasticity, but the decoupling status in individual years is different. The comparison
of the results is shown in Table 5.
As seen in Table 5, the decoupling status is the same for most years, but the change in the
decoupling status in this study is slightly greater than that in the reference study, mainly due to
the per-capita carbon emission indicator that allocates the transportation carbon emissions to each
individual, speciﬁcally considers the changes in individual carbon emissions, and truly reﬂects the
actual situation of China’s carbon emissions. Thus, per capita decoupling elasticity can more accurately
reﬂect the relationship between transportation development and carbon emissions and capture changes
in the decoupling status more sensitively and subtly.
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Table 5. Comparison of research results of the decoupling state.
Decoupling State

Years
2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013

Comparative Literature

This Article

Weak decoupling
Expansive coupling
Expansive negative decoupling
Expansive negative decoupling
Expansive coupling
Expansive coupling
Weak decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Weak decoupling
Expansive negative decoupling
Expansive negative decoupling

Weak decoupling
Expansive coupling
Expansive negative decoupling
Expansive negative decoupling
Weak decoupling
Expansive coupling
Weak decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Expansive coupling
Expansive negative decoupling
Expansive coupling

At present, there are few studies on the decoupling of transportation development and
carbon emissions in other countries. Loo et al. [50] studied the decoupling of transportation
and economic growth in 15 countries, including Russia and Canada. The results showed that
decarbonisation of the transportation sector were more difﬁcult to achieve than the reduction in
the levels of transportation-related fatalities. Alises et al. [67] compared the decoupling of road freight
transportation between the United Kingdom and Spain. Studies have shown that Spain’s decoupling
rate is much lower than that of the United Kingdom driven by economic structure changes. It can thus
be seen that the decoupling of the transportation industry is not particularly optimistic in China and
other countries.
6.2. The Reference Meaning of This Study
(1) The research in this present paper can provide some reference to other countries. All the
selected indices in this paper are widely applicable indices, such as the added value of transportation
and total energy consumption. All of these factors play a vital role in the transportation carbon
emissions both in developed and developing countries. An accurate understanding of the situation
can help to develop a realistic carbon reduction policy for one or more of these factors. In today’s
world, all countries are actively developing the transportation industry. With the increasing number of
motor vehicles and the ever-increasing number of trips and distances traveled by residents, the rapid
growth of carbon emissions in the transportation industry has become an important issue that cannot
be ignored. If we can grasp the decoupling relationship between the development of transportation
and carbon emissions and block the coupling between the two, this will signiﬁcantly improve the
status of the continued increase in global carbon emissions.
(2) The research of this paper can provide a reference to other industries. The industrial sector,
represented by electricity and machinery, has far more carbon emissions than transportation and is
an important area for China’s carbon emissions. Its development is accompanied by an increase in
carbon emissions. Using the research methods of this paper, we can determine the factors that have a
signiﬁcant impact on carbon emissions, understand the decoupling state between carbon emissions
and industrial development, and take effective measures to save energy and reduce emissions.
6.3. The Deﬁciency of This Research and Directions of Improvement
Due to the lack of data on various energy consumption in the transportation sector before
2000, this paper only studies the situation of carbon emissions in the transportation industry from
2000 to 2015 and fails to expand the study period, which is not conducive to a more accurate and
comprehensive grasp of the law of changes of China’s transportation carbon emissions. In the study
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of the drivers of carbon emissions in the transportation industry, the selected indicators are the most
common key factors, such as the added value of the industry. In the future, we can try to make
innovations in terms of the factors studied.
7. Conclusions and Suggestions
7.1. Main Conclusions
The transportation industry is a large source of energy consumption and carbon emissions
in China. The transportation industry must shoulder the heavy responsibility of reducing carbon
emissions and strive to ﬁnd practical ways to save energy and reduce emissions. This is, to a large
extent, related to whether China’s carbon emission reduction targets and low-carbon sustainable
development vision can be successfully achieved as soon as possible. In this paper, GDIM is ﬁrst
used to decompose the evolution of China’s carbon emissions from 2000 to 2015 in the transportation
industry, and then, the decoupling of carbon emissions from transportation development is analyzed
based on the Tapio decoupling theory. Then, the interaction between carbon emissions and economic
development is further explored. The main conclusions of this study are as follows:
(1)

(2)

(3)
(4)

(5)

The added value of transportation, energy consumption and per capita carbon emissions in
the transportation industry are the major factors leading to the increase in carbon emissions.
The energy carbon emission intensity is the key factor leading to a reduction in carbon emissions.
Among other factors, population size has a positive effect on carbon emissions, while per capita
added value of transportation, energy intensity and carbon intensity of added value have a
decreasing effect on carbon emissions.
The decreasing factors have a limited effect on the suppression of carbon emissions in the
transportation industry, and this effect is far less than the contribution of the increasing factors to
the increase in carbon emissions.
The decoupling state between the development of China’s transportation industry and the carbon
emission is poor, and it gradually shows a deteriorating trend after a short period of improvement.
Per capita decoupling elasticity can reﬂect the decoupling status between transportation
development and carbon emissions more accurately and subtly than the decoupling elasticity of
total carbon emissions.
Compared with the effect of per capita emissions reduction elasticity, energy-saving elasticity
plays a more crucial role in decoupling the development of transportation from carbon emissions.

7.2. Policy Suggestions
Based on the above research results, we propose the following policy suggestions:
(1)

(2)

Optimize the trafﬁc structure. From the analysis of Figures 2–4, the added value of transportation
industry is the main factor that promotes increases in carbon emissions, and the expansion of
the economic scale also leads to deterioration of the decoupling state. The continuous economic
growth has become the bottleneck of low-carbon development in China’s transportation industry,
but at the same time it is also the goal of sustainable development of our country and the
guarantee of people’s material well-being. Transportation carbon emissions reduction at the
expense of economic development is not desirable, but the state can adjust the structure of
the transportation industry, optimize the combination of various modes of transportation and
the proportion of investment, gradually develop high-tech industries, and rationally plan the
construction of low-carbon transportation infrastructure.
Optimize the energy structure of the transportation industry. From the analysis of Figures 2 and 3,
the energy carbon emission intensity is a key factor in reducing carbon emissions. Therefore,
the government should focus on the following: optimizing the energy structure of the
transportation industry in the future; reducing the consumption of traditional energy, such as
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(3)

(4)

(5)

petrol and diesel, by adjusting prices and taxes; phasing out the high-energy-consumption and
high-emissions transportation vehicles; increasing the investment in the use of clean energy,
such as solar energy; and encouraging and promoting the development of new energy sources
for transportation.
Improve the energy efﬁciency of the transportation industry. Through the analysis of Figures 2–4,
it can be seen that energy intensity has a decreasing effect on carbon emissions, and energy-saving
elasticity plays an important role in decoupling the development of transportation from
carbon emissions. Therefore, energy efﬁciency must be taken seriously. At present, the
enhancement of energy efﬁciency in the transportation industry has a very limited effect
on curbing carbon emissions and has not reached a satisfactory level. In the future, there
will still be much room for improvement. Increasing energy efﬁciency plays an important
role in decoupling the carbon emissions from the development of transportation and can
achieve the effect of reducing carbon emissions in a relatively short period of time rather than
optimizing the energy structure. In the future, the government should increase investment
in and development of energy-saving technologies, actively develop and promote low-carbon
transportation technologies, optimize the transportation system, and enhance the intelligence of
transportation to reduce energy consumption.
Increase public transportation system construction. Through the analysis of Figures 2–4, it can be
seen that energy consumption is the main factor that promotes carbon emissions, and the large
increase in energy consumption also hinders the decoupling process of China’s transportation
industry. With the advancing urbanization in China, the problems of the increase in the number
of private cars, trafﬁc congestion, slow driving and so on are becoming increasingly prominent.
As a result, the demand and consumption of energy continues to increase, leading to more
serious carbon emissions in the transportation sector. However, promoting public transportation
construction is a fast and effective way to solve this problem. Therefore, the government should
give priority to the development of public transportation, accelerate the construction of urban
rail transit such as subways and skyrails, and rationally plan bus lanes and bus routes to facilitate
citizens’ travel and transfer.
Enhance citizens’ low-carbon trafﬁc awareness. From Figures 2 and 3, it can be seen that the
population size has a positive effect on carbon emissions and the per capita carbon emissions is
the main factor that lead to an increase in carbon emissions. Therefore, the population cannot be
ignored in the carbon emissions reduction in transportation industry. Although China implements
the family planning policy and controls the natural population growth rate, the huge population
base still causes the population size to promote an increase in carbon emissions, making citizens’
choices of modes of transportation especially important for reducing carbon emissions. Therefore,
the government should step up the publicity of low-carbon trafﬁc, conduct lectures on the
theme of low-carbon transportation, hold related art performances, carry out bicycle riding and
other activities in schools, work units and communities, broadcast more of these public service
advertisements and formulate corresponding incentive measures for citizens’ environmental
protection behaviors in different degrees to raise citizens’ awareness of environmental protection
and promote citizens’ green travel.

The main conclusions of this paper on the inﬂuencing factors and decoupling elasticity of China’s
transportation carbon emissions are shown in Table 6.
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Decoupling
elasticity—Improved
Tapio causal Chain

Decomposition of
inﬂuencing
factors—GDIM

Research Topics

−1216.04
18.69

5090.32

−1088.61
−46.74

Per capita carbon
emissions in the
transportation industry

Per capita added value of
transportation

Energy intensity
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The small
decreasing factor

Reducing 934,300 tons of carbon
emissions cumulatively by 2015

Its volatility is relatively large, the trends of it and per capita decoupling elasticity are almost the same, and it
plays a more crucial role in decoupling the development of transportation from carbon emissions.

It ﬂuctuated relatively more in 2008-2010, but it tended to be stable in general.

Per capita emissions
reduction elasticity

Energy-saving elasticity

It increased sharply from 0.21 in 2001 to 2.22 in 2003. After a period of ﬂuctuation, it reached 1.00 in 2015.

Per capita decoupling
elasticity

Situation

The main
decreasing factors

The relatively
weak increasing
factor

Cumulative resulting in 10,892,500 tons
of carbon emissions by 2015

The decreasing effect increasing from
200,100 tons in 2001 to 6.4745 million
tons in 2015

The main
decreasing factors

The decreasing effect growing rapidly
from 783,600 tons in 2008 to 6.3401
million tons in 2015

The important
increasing factor

The primary
increasing factor

Increasing from 2,336,700 tons in 2001 to
162,401,800 tons in 2015

Maintaining its rapid growth at an
average annual rate of 39.78%

The more volatile
decreasing factor

The primary
increasing factor

Reducing a total of 3.5895 million tons of
carbon emissions in 2000-2015

Increasing from 6,137,100 tons in 2001 to
161,496,400 tons in 2015

Character

The years 2001-2004 were a period of deterioration; 2005-2009 was a period of improvement, and 2010-2015
was a period of slight deterioration.

−22.96

−1070.08

6370.25

436.35

−376.08

6738.01

46.00

6633.09

2010–2015

Cumulative Contribution to Carbon
Emissions (104 tons)

Decoupling state

4747.34

312.57

249.18

−261.17

4803.62

Population size

4786.97

Energy consumption

−895.65

−8.02

487.99

Carbon intensity of
added value

6122.68

2005–2010

Energy carbon emission
intensity

4588.32

2000–2005

Contribution to Carbon Emissions (104
tons)

Added value of
transportation industry

Factors

Table 6. Main conclusions of this paper.
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Abstract: Modern agriculture contributes signiﬁcantly to greenhouse gas emissions in several ways.
From the perspective of sustainability assessment, it is not enough to evaluate mitigation measures
that rely only on emissions reductions. In this article, we use the method of decoupling analysis to
construct a decoupling index based on carbon footprint and crop yield and evaluate the relationship
between crop production and greenhouse gas emissions using the most modern grain production
base in China as a case study. The results indicate that a weak but variable decoupling trend occurred
from 2001 to 2015 and that each branch achieved on average a weak decoupling across the study
period. In addition, rice production constituted 80% of the regional carbon footprint in a crop’s
life cycle. The results of our analysis of rice production show that weak decoupling was the most
common outcome but was not consistent because a weak coupling occurred in 2015. Each branch
on average achieved a weak decoupling except for the SH branch. Our research indicates that
high agricultural material inputs with low utilization efﬁciency contributed to the poor relationship
between crop production and greenhouse gas emissions in the study area. Fertilizer, especially N
fertilizer, was an important contributor to the total greenhouse gas emissions of crop production.
As a supplement to carbon footprint assessment, this decoupling analysis helps local decision-makers
diagnose the level of green growth, identify key options to mitigate greenhouse gas emissions from
agriculture, and adopt more targeted interventions towards sustainable agriculture.
Keywords: decoupling analysis; greenhouse gas emissions; carbon footprint; low-carbon agriculture

1. Introduction
The relationship between economic growth and environmental pressure has been intensively
discussed [1–3]. In recent years, green economic growth has attracted worldwide attention as a way
to maintain rapid economic development while limiting environmental degradation. Like the term
“green economy,” “decoupling” refers to the ability of an economy to grow without a corresponding
increase in environmental pressure [4]. Today, decoupling environmental impacts from human
well-being has been widely acknowledged by policy-makers, industry leaders, and civil society as
a key issue to address in meeting sustainable development goals [5]. In the ﬁeld of sustainability
studies, following the environmental Kuznets curve (EKC) hypothesis [6], decoupling analysis has
become increasingly popular, and there is a growing body of literature on the decoupling method
and indicators of decoupling [7–12]. Indeed, as a policy goal, decoupling environmental impact from
economic growth has been adopted by the European Union (EU) and the Green Economy Initiative of
the United Nations Environment Program (UNEP) [13].
Climate change is one of the greatest challenges to mankind today. The increases in anthropogenic
greenhouse gases (GHGs), including carbon dioxide (CO2 ), methane (CH4 ), and nitrous oxide (N2 O),
Energies 2018, 11, 1480; doi:10.3390/en11061480
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have important effects on global warming [14,15]. Many studies have empirically assessed the
potential impact of human activities or production sectors on global warming by quantifying the
carbon footprint (CF) [16–18]. Modern agriculture is usually accompanied by high material inputs,
high energy consumption, and high release of pollutants, which all play an important role in GHG
emissions [19]. Extensive studies have evaluated agricultural CFs associated with material inputs or
based on life cycle assessment (LCA). LCA is a commonly used environmental management tool to
assess a product or service from “cradle to grave” [20]. The literature on evaluating the CFs of crop
production generally quantiﬁed the GHG emissions from sowing to harvest, including the indirect
emissions from agricultural material inputs and the direct emissions from energy consumption for
farm mechanical operations, N2 O from N fertilizer use or the CH4 emissions from rice paddies [21–24].
Studies of CFs for a diverse range of crops have been performed at different geographical scales using
national statistical data or farm survey data [17,25–28], and other studies have described a certain
crop’s CF in more detail, such as for rice [29–31], spring barley [32], and wheat [33]. In addition, GHG
emissions under different cropping systems and farm management practices have been addressed in
detail [21–23,34,35], and the CFs of crop production have also been compared across countries [27].
All these studies have helped to further explore measures to mitigate agricultural GHG emissions and
have put forward potential solutions to develop low-carbon agriculture.
China is a major agricultural producer, and GHG emissions in the agricultural sector account for
17% of the national total [36]. According to previous studies, the CFs of crop production in China [37]
were higher than those in the USA [27] and the UK [17] based on national statistical data. From the
perspective of sustainability assessment, it is not enough to evaluate mitigation measures depending
only on emissions reduction; similarly, it remains difﬁcult to examine if one farming region has taken
effective measures to reduce the carbon intensity of agriculture. The Heilongjiang land reclamation
area (HLRA) is both the most modern grain production base and the largest green grain production
base in China, the application of chemical fertilizers and pesticides in the HLRA is far below the
national standard, and its crop yield per unit area exceeds that of the US [38]. However, it is not clear
if its high crop yield occurs at the expense of high GHG emissions. In this study, we use this area as an
example to estimate the extent to which GHG emissions are decoupled from crop production.
The objectives of this study are, ﬁrst, to quantify the CFs of crop production (including rice, maize,
soybeans, and wheat) using the LCA approach in the HLRA during 2001–2015; second, to determine
the relationship between crop production and GHG emissions based on a decoupling index; and, last,
to analyze the composition of the CFs of crop production and further provide targeted suggestions for
decision-making for low-carbon agriculture.
The ﬂowchart for the decoupling analysis is shown in Figure 1.

Figure 1. Steps in the decoupling analysis.

81

Energies 2018, 11, 1480

2. Materials and Methods
2.1. Carbon Footprint Calculation
The carbon footprint of crop production was expressed in this study in CO2 equivalents (CE)
following the LCA approach. GHG emissions included the direct and indirect emissions from crop
production. The indirect emissions were attributed to the manufacture of agricultural material inputs
(e.g., fertilizers, pesticides and plastic ﬁlms) and electricity used for rice irrigation; the direct emissions
were attributed to energy consumption from farm mechanical operations including seeding, tillage,
transportation and harvesting as well as N2 O from N fertilizer use and CH4 emissions from rice
paddies [25].
GHG emissions from agricultural material inputs or sources were expressed as CFi (in tCE) using
Equation (1):
CFi = ∑ ( Ii × EFi ),
(1)
where Ii is the amount of each agricultural input or source i, including fertilizers (in t), pesticides (in
t), seed (in t), plastic ﬁlms (in t), electricity for rice irrigation (in kWh) and diesel for machinery (in t),
and EFi is the GHG emission factor in this study (Table 1).
The direct N2O emissions from fertilizer N use were expressed as CFN2O (in tCE) using Equation (2):
CFN2 O = IN × EFN2 O ×

44
× 298,
28

(2)

where IN represents the amount of N fertilizer used (in t), EFN2O is the emission factor for N2 O
emissions caused by N fertilizer used (in tN2 O-Nt−1 ) [39,40], 44/28 is the ratio of molecular weights of
N2 O to N2 , and 298 is the net global warming potential of N2 O over a 100-year period [40].
The CH4 emissions from a submerged rice paddy in a single season were expressed as CFCH4
(in tCE) using Equation (3):
CFCH4 = EFd × T × A × 25,
(3)
where EFd is a daily emission factor (in tCEha−1 day−1 ), T is the rice growing period (in days), A is the
planting area (in ha), and 25 is the relative molecular warming forcing of CH4 in a 100-year period [40].
Here, EFd was estimated by Equation (4) due to the restricted condition of data:
EFd = EFc × SFw × SFp × SFm ,

(4)

where EFc is the basic emission factor for ﬁelds ﬂooded without organic amendment; SFw and SFp
are scaling factors for different hydrological conditions over the rice growing period and before rice
transplanting, respectively; and SFm is a scaling factor for quantifying organic amendment used for
rice production [41]. All of the above emission factors for agricultural inputs or sources are shown in
Table 1.
The total carbon footprint CFt (in tCE) was calculated for rice production and for dry crop
production (maize, soybeans, and wheat) by Equations (5) and (6), respectively:
CFt = CFi + CFN2 O + CFCH4

(5)

CFt = CFi + CFN2 O .

(6)
tCEt−1 ),

Based on the estimated CFt , carbon intensity in crop yield, CFY (in
and the carbon
intensity in crop area, CFA (in tCEha−1 ), were calculated using Equations (7) and (8), respectively,
in terms of crop yield (Y, in t) and crop planting area (A, in ha).
CFY =

82

CFt
Y
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CFA =

CFt
A

(8)

Table 1. Emission factors for agricultural inputs and sources.
Emission Source

Abbreviation

Emission Factor

Reference

Fertilizer

EFf

1.53 tCEt−1 (N fertilizer); 1.63 tCEt−1
(P fertilizer); 0.66 tCEt−1 (K fertilizer)

[30]

Pesticide

EFp

Plastic ﬁlm
Seed

EFpf
EFs

0.20 tCEt−1 (Herbicide); 16.60 tCEt−1
(Insecticide)
22.70 tCEt−1
0.58 tCEt−1

Electricity for irrigation

EFe

1.23 × 10−3 tCEkWh−1

[26]

Diesel for machinery

EFd

0.89 tCEt−1

[30]

N fertilizer-induced N2 O

EFN2O

0.01 tN2 O-Nt−1 (Dry cropland);
0.0073 tN2 O-Nt−1 (Rice paddy)

[39,40]

CH4 emissions from rice
ﬁeld

EFc

1.30 × 10−3 tCH4 ha−1day−1

[41]

SFw
SFP
SFm

0.52
0.68
1

[41]
[41]
[41]

[30]
[30]
[26]

2.2. Decoupling Index
In this article, the decoupling index (DI) is used to indicate the degree of decoupling of GHG
emissions from crop production, following Equation (9):
DI = %ΔCF/%ΔY = (CFj /CFj−1 − 1)/(Yj /Yj−1 − 1),

(9)

where %ΔCF is the percentage change in GHG emissions from crop production, and CFj and CFj−1
denote GHG emissions in a target year j and the base year j − 1; %ΔY is the percentage change in crop
yield, and Yj and Yj−1 denote the crop yield in a target year j and the base year j − 1, respectively.
Six decoupling index values are shown in Table 2.
Table 2. Degrees of decoupling GHG emissions from crop production.
Decoupling Degree

Relationship between GHG Emissions and Crop Production

Strong decoupling
Weak decoupling
Recessive decoupling
Expansive coupling
Weak coupling
Strong coupling

ΔY > 0, ΔCF ≤ 0, DI ≤ 0
ΔY > 0, ΔCF > 0, 0 < DI < 1
ΔY < 0, ΔCF < 0, DI ≥ 1
ΔY > 0, ΔCF > 0, DI ≥ 1
ΔY < 0, ΔCF < 0, 0 < DI < 1
ΔY < 0, ΔCF ≥ 0, DI ≤ 0

2.3. Study Area and Data Sources
The HLRA is located in northeast China and includes nine branches with an area of 57,600 km2
(Figure 2). There are four main grain crops in the study area: rice, maize, soybeans, and wheat. Rice
and maize are main crops generally grown in the humid eastern branches, whereas soybeans and
wheat are the main crops grown in the semi-humid western branches. These four crops accounted for
97% of the total output in 2015. The comprehensive utilization rate of agricultural mechanization is
over 94%, and these commodity grains achieve 91% of their annual crop yield in the HLRA, which has
improved national food security.
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Figure 2. Location of the study area.

Data for quantifying GHG emissions from agricultural inputs or sources were collected from
the National Cost-Beneﬁt Survey for Agricultural Products (2001–2015). Crop yield and planting
area data were collected from the Statistical Yearbook of the Heilongjiang Land Reclamation Area
(2002–2016), and data for quantifying CH4 emissions from the rice paddy, including the rice cultivation
and growing periods, were obtained from ﬁeld research and existing literature [26,30,39–41].
3. Results and Analysis
3.1. Relationship between Crop Yield and Carbon Footprint
The changes in the crop yields and the CFs of four crops in the HLRA (2001–2015) are shown
in Figure 3; the correlation coefﬁcient, R, between crop yield and the CF was 0.994 at a signiﬁcance
level of 0.01. Using crop yield as the independent variable, x, and the CF as the dependent variable, y,
the best-ﬁt linear equation relating these two variables was y = 0.2227x + 72.383. The R2 and adjusted
R2 values of this equation were 0.988 and 0.987, respectively, which indicated a close relationship
between GHG emissions and crop production in the HLRA.

Figure 3. Relationship between carbon footprint and crop yield in the HLRA (2001–2015).
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3.2. Decoupling GHG Emissions from Crop Production
According to Table 2, the results of decoupling GHG emissions from crop production during
2001–2015 in the HLRA are shown in Table 3, and the results based on the average value in the period
2001–2015 are shown in Table 4.
Table 3. Decoupling GHG emissions from crop production in the HLRA.
Year

Crop Yield
(104 t)

Growth Rate of
Crop Yield (%)

CF (104 tCE)

Growth Rate of
CF (%)

DI

Decoupling Degree

2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

832.17
761.31
717.41
901.22
973.10
1065.11
1210.07
1337.51
1631.90
1794.78
2014.16
2085.14
2109.67
2165.06
2146.15

−8.52
−5.77
25.62
7.98
9.46
13.61
10.53
22.01
9.98
12.22
3.52
1.18
2.63
−0.87

255.72
254.98
226.22
262.11
275.83
316.12
360.04
381.27
415.27
467.96
512.72
560.7
559.8
542.11
537.46

−0.29
−11.28
15.87
5.23
14.61
13.89
5.9
8.92
12.69
9.56
9.36
−0.16
−3.16
−0.86

0.03
1.95
0.62
0.66
1.54
1.02
0.56
0.41
1.27
0.78
2.66
−0.14
−1.2
0.99

Weak coupling
Recessive decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Expansive coupling
Weak decoupling
Weak decoupling
Expansive coupling
Weak decoupling
Expansive coupling
Strong decoupling
Strong decoupling
Weak coupling

Table 4. Decoupling GHG emissions from crop production in the HLRA (average of the
years 2001–2015).
Branch

Crop Yield
(104 t)

Growth Rate of
Crop Yield (%)

CF (104 tCE)

Growth Rate of
CF (%)

DI

Decoupling Degree

BQL
HXL
JSJ
MDJ
BA
JS
QQH
SH
HB

220.33
283.32
438.37
277.5
122.37
93.06
67.357
41.46
12.68

6.56
7.13
9.58
5.33
11.79
11.15
9.82
6.72
11.93

57.72
70.3
125.94
73.87
21.5
12.81
15.56
11.98
4.84

5.24
3.67
8.72
3.71
3.91
1.39
6.21
3.84
8.37

0.8
0.51
0.91
0.7
0.33
0.12
0.63
0.57
0.7

Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling

According to Table 3, during 2001–2015, strong decoupling occurred for two years, weak
decoupling occurred for ﬁve years, and recessive decoupling occurred for one year, which indicated
that changes in carbon intensity were variable during this period and largely composed of weak
decoupling. GHG emissions of crop production did not increase in proportion with crop yield in the
HLRA for 2013 and 2014. Expansive coupling occurred for four years, and weak coupling occurred for
two years. One of these weakly increasing years, 2015, followed two years of strong decoupling, which
suggests that HLRA continues to face both challenges and opportunities as low-carbon agriculture
continues to develop.
According to Table 4, from the perspective of the branch scale, all branches experienced weak
decoupling between crop production and GHG emissions when considering the mean change from
2001–2015. This analysis revealed the potential for the HLRA to experience strong decoupling with
continued progress.
3.3. Example: Decoupling GHG Emissions from Rice Production
Rice in the HLRA is economically and environmentally important to China, both as the largest
green food base and because of its high-quality rice varieties. On average, rice acreage was 48% of
the total grain-planting area, and rice accounted for 62% of the total grain yield in the HLRA during
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2001–2015. During these years, GHG emissions from rice production accounted for 80% of the total
HLRA CF, with maize, soybeans, and wheat contributing 11%, 7%, and 2% to the total CF, respectively.
Further results of decoupling GHG emissions from rice production with regard to the whole HLRA
and the branch scale over 2001–2015 are shown in Tables 5 and 6.
Table 5. Decoupling GHG emissions from rice production in the HLRA.
Year

Rice Yield
(104 t)

Growth Rate of
Rice Yield (%)

CF of Rice
(104 tCE)

Growth Rate of
CF of Rice (%)

DI

Decoupling Degree

2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015

527.42
452.77
424.16
528.62
573.43
682.5
798.07
842.18
927.32
1094.39
1278.91
1370.42
1385.67
1329.35
1291.51

−14.15
−6.32
24.63
8.48
19.02
16.93
5.53
10.11
18.02
16.86
7.16
1.11
−4.06
−2.85

194.14
197.92
165.73
195.99
209.58
250.45
288.25
307.51
322.21
373.24
422.52
464.38
464.6
443.6
435.93

1.94
−16.26
18.26
6.93
19.5
15.09
6.68
4.78
15.84
13.2
9.91
0.05
−4.52
−1.73

−0.14
2.57
0.74
0.82
1.03
0.89
1.21
0.47
0.88
0.78
1.38
0.05
1.11
0.61

Strong coupling
Recessive decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Weak decoupling
Expansive coupling
Weak decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Weak decoupling
Recessive decoupling
Weak coupling

Table 6. Decoupling GHG emissions from rice production at the branch scale of the HLRA (average of
the years 2001–2015).
Branch

Rice Yield
(104 t)

Growth Rate of
Rice Yield (%)

CF of Rice
(104 tCE)

Growth Rate of
CF of Rice (%)

DI

Decoupling Degree

BQL
HXL
JSJ
MDJ
BA
JS
QQH
SH
HB

127.57
151.36
384.88
205.39
3.7
3.54
40.09
16.18
6.44

7.68
4.45
11.03
3.91
57.74
41.43
10.23
1.3
8.35

45.46
54
117.57
64.17
4.62
4.26
13.01
7.17
3.50

6.79
3.24
9.95
3.39
5.38
10.15
6.74
2.36
7.85

0.88
0.73
0.9
0.87
0.09
0.24
0.66
1.82
0.94

Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Weak decoupling
Expansive coupling
Weak decoupling

According to Table 5, weak decoupling was the most common outcome, observed for seven years
of the study period, whereas recessive decoupling was observed for two years. No strong decoupling
was observed, but expansive coupling was observed for three years, and both strong coupling and
weak coupling were observed for one year each. In 2003 and 2014, when the growth rate of CF of
rice production decreased by −16.26% and −4.52%, respectively, rice yield decreased accordingly by
−6.32% and −4.06% compared with the previous year, respectively. The desired decoupling between
GHG emissions and rice production was therefore not observed during these years. Worse than that,
strong coupling was observed in 2002, when the CF of rice production increased by 1.94%, despite
a decrease in rice yield of 14.15%. Both increases and decreases in carbon intensity in rice production
were observed; even weak coupling occurred, most recently in 2015, and there was no clear trend
across the time series.
Seen from the branch scale over 2001–2015 (Table 6), on average, each branch except the SH
branch achieved a weak decoupling of GHG emissions from rice production. However, the rate of rice
yield growth (1.3%) failed to exceed that of the rice CF growth rate (2.36%) in the SH branch, which led
to the degree of expansive coupling.
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4. Discussion
Generally, we can evaluate GHG emissions based on the reduction in the carbon footprint;
however, some indeterminacy remains when diagnosing the effective quantity of emissions reduction,
and we thus need to link it with the economic development process. As a supplementary method,
the frame of decoupling focuses on the relationship between economic growth and environmental
pressure, which helps to create a better understanding of the nature of green growth, further remove
barriers to decoupling, and encourage policies towards decoupling [5]. Recently, many studies have
used a panel VAR approach or a log mean division index (LMDI) decomposition method to analyze
the factors that affect GHG emissions in the manufacturing or transport sector [12,42–45]; however,
these methods are addressed less in the decoupling of GHG emissions from the agricultural sector.
In this discussion section, we compare the carbon footprint of crop production in the HLRA within
different countries, analyze the composition of carbon footprint, and further focus on rice production.
4.1. Comparative Analysis of Carbon Footprint
According to Equation (7) for carbon intensity in crop yield, the CFY in the HLRA varied by crop.
On average, rice production possessed the highest CFY (0.36 tCEt−1 ), maize production possessed the
lowest CFY (0.12 tCEt−1 ), and the CFY for soybean and wheat production showed intermediate values
of 0.19 tCEt−1 and 0.21 tCEt−1 , respectively. Compared with existing research results (Table 7), most
CFY values of crop production in the HLRA were lower than the average value in China, except for
soybeans (0.10 tCEt−1 ), and the CFY of soybean and wheat production in the HLRA was close to that
of the USA.
Table 7. Comparison of international carbon intensity in crop yield.
Country/Region

Crop

CFY (tCEt−1 )

HLRA

Rice
Maize
Soybeans
Wheat

0.36
0.12
0.19
0.21

China

Rice
Maize
Soybeans
Wheat

0.80
0.33
0.10
0.65

[25]
[25]
[46]
[25]

USA

Maize
Wheat

0.12–0.25
0.25–0.35

[47]
[47]

Canada

Wheat

0.27–0.50

[48]

India

Rice
Wheat

1.2–1.5
0.12

[49]
[49]

Reference

We observe a better relationship between crop production and GHG emissions in the HLRA than
in other regions of the world. However, as various values of the decoupling index were observed,
it did not appear that the carbon intensity of agriculture in the HLRA steadily decreased.
4.2. Composition Analysis of Carbon Footprint
The compositions of the CFs for the four major crops in the HLRA during the period 2001–2015 are
shown in Figure 4. On average, CH4 was the biggest contributor (41%) to the total CF, which indicated
that rice production was the main source of GHG emissions in the HLRA. Direct N2 O emissions
and indirect emissions from N fertilizer input together represented the second-biggest contributor
(25%), with electricity for irrigation (11%) representing the third-largest contributor to the CF. All other
sources, including P fertilizer (4%), seed (4%), plastic ﬁlms (6%), diesel (7%), and K fertilizer and
pesticides (1%), were minor contributors to the HLRA CF.
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Figure 4. Composition of CFs for crop production in the HLRA (2001–2015). A: Plastic ﬁlm;
B: Electricity; C: Pesticide; D: P fertilizer; E: K fertilizer; F: Seed; G: Diesel; H: CH4 ; I: N fertilizer + N2 O.

Agricultural material inputs or sources to the HLRA CF are shown in Figure 5. For rice production,
51% of the CF was derived from CH4 emissions, followed by the sum of direct N2 O emissions and
indirect emissions from N fertilizer use (16.06%), electricity for irrigation (13.98%) and plastic ﬁlm
(8.89%). The remaining ﬁve inputs and farming operations amounted to 10.07% of the total CF.
In contrast, the sum of direct N2 O emissions and indirect emissions from N fertilizer use was
the largest contributor to the CFs of dry crops (maize, soybeans, and wheat), accounting for 72.9%,
44%, and 49.5% of the CF for maize, soybean, and wheat production, respectively. The second largest
contributor to the total CFs for both maize and soybean production was diesel (12.28% and 22%,
respectively), and seed was the second largest contributor for wheat production (23.3%), followed by
diesel (12.05%). Overall, N fertilizer input and N2 O from N fertilizer use were the dominant sources of
GHG emissions in dry crop production, although CH4 was the dominant source of GHG emissions in
rice production. In contrast, pesticides contributed a small amount to each crop’s CF, especially for
rice production (0.4%).

Figure 5. Composition of CFs based on crop structure in the HLRA. (Average of the years 2001–2015).
A: Plastic ﬁlm; B: Electricity; C: Pesticide; D: P fertilizer; E: K fertilizer; F: Seed; G: Diesel; H: CH4 ;
I: N fertilizer + N2 O.
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4.3. Analysis of the CF of Rice Production
As reported above, rice production played an important role in the HLRA and constituted the
vast majority of the CF in this region (80%). In recent decades, eight branches (except the SH branch)
experienced a weak decoupling between crop production and GHG emissions (Table 6). Here, we take
the JSJ branch and the SH branch of the HLRA for comparative analysis (Figures 6 and 7).

Figure 6. Carbon intensity in area for rice production in the JSJ branch and the SH branch (2001–2015).

The JSJ branch is the largest branch in the HLRA, and its rice planting area and rice yield occupied
41% and 43% of the HLRA total. In contrast, the rice planting area and rice yield in the SH branch each
occupied 2% of the HLRA total. There was a distinct difference in trends between CF and rice yield
between these two branches (Figure 6). According to Equation (8) for carbon intensity per area, the
CFA of rice production in the JSJ branch ﬂuctuated from 2539 kgCEha−1 to 2775 kgCEha−1 , which was
below the average CFA in the HLRA (2919 kgCEha−1 ), whereas the CFA of rice production in the SH
branch ﬂuctuated from 3323 kgCEha−1 to 4503 kgCEha−1 .

Figure 7. Carbon intensity per area for rice production in the JSJ branch and the SH branch (average of
the years 2001–2015).

The SH branch required more electricity for irrigation, more fertilizer input (especially more
N fertilizer), and more diesel input per unit area, all of which contributed to a higher CFA for rice
production (Figure 7). It is clear that high material inputs with low utilization efﬁciency contributed to
its degree of expansive coupling. Based on this result, we suggest targeted measures for the SH branch
to mitigate GHG emissions from rice production, such as decreasing agricultural material inputs
(including fertilizers, electricity for irrigation, diesel, and plastic ﬁlms), improving the utilization
efﬁciency of agricultural material inputs and increasing agricultural productivity.
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5. Conclusions
In this paper, a decoupling index based on carbon footprint and crop yield was used to examine
the relationship between crop production and GHG emissions in the HLRA during the years 2001–2015.
The results indicated that various decoupling degrees (including strong decoupling, weak decoupling,
and recessive decoupling) occurred during more than half of the study phase across the entire HLRA,
although each branch showed weak decoupling based on the average value from 2001 to 2015.
In addition, rice production constituted 80% of the total CF in the HLRA, and weak decoupling
occurred more frequently at the scale of the entire study area and at the branch scale (except for the SH
branch, which showed expansive coupling).
Seen from the results of the decoupling analysis, although a high appearance frequency of weak
decoupling occurred during 2001–2015 in the HLRA, the status of weak decoupling was not steady,
which highlights both pressures and challenges for the HLRA as it develops towards green growth.
We also found that high material inputs with low utilization efﬁciency contributed to a poor relationship
between crop production and GHG emissions and that fertilizer was an important contributor to the
total CF of crop production. Since it is the major source of GHG emissions from agriculture in the
HLRA, we should pay more attention to rice production, in particular for the SH branch.
The current work of decoupling analysis aims to examine the relationship between GHG emissions
and crop production, using HLRA as an example. In fact, there is a limitation to the decoupling concept,
which lacks a direct contact with the environmental process. Based on the results of decoupling analysis,
next we will borrow from the experience of others and use the LMDI decomposition methodology
to analyze factors that affect GHG emissions in crop production processes, in view of the activity
effect, the structure effect, and the intensity effect. Further integrating more detailed information about
GHG emissions from crop production processes could contribute to more targeted suggestions for
low-carbon agriculture.
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Abstract: Climate change is an important global environmental threat. Agriculture aggravates
climate change by increasing greenhouse gas (GHG) emissions, and in response, climate change
reduces agricultural productivity. Consequently, the modern agricultural development mode has
progressively transformed into a kind of sustainable development mode. This study aimed to
determine the environmental impact and carbon footprint of Dongshan tea from Yilan County.
Environmental impact was assessed with use of SimaPro version 8.0.2 and IMPACT2002+. Results
showed that climate change has the largest impact upon it in general, followed by human health,
natural resources, and ecosystem quality. Furthermore, with use of the IPCC 2007 100a method for
carbon footprint of products (CFP), conventional tea was found to have a CFP of 7.035 kgCO2 -e, and
its main contributors are the raw material (35.15%) and consumer use (45.58%) phases. From this case
study, we found that the hotspots of the life cycle of environmental impact of Taiwanese tea mainly
come from fertilizer input during the raw material phase, electricity use during manufacturing, and
electricity use during water boiling in the consumer use phase (which contributes the largest impact).
We propose the ways for consumers to use of highly efﬁcient boiling water facilities and heating
preservation, and the government must market the use of organic fertilizers in the national policy
subsidies, and farmers have to prudent use of fertilizers and promote the use of local raw fertilizers,
and engagement in direct sales for reducing the environmental impacts and costs of agricultural
products and thus advancing sustainable agriculture development.
Keywords: tea; climate change; sustainable agriculture; environmental impact; carbon footprint

1. Introduction
The IPCC Fifth Assessment Report states that greenhouse gas (GHG) emissions from human
activity have been the major factor for global warming since the middle of the 20th century. Agriculture
and relevant land use transition contributed 17% of the world’s anthropogenic GHG emissions in
2010 [1]. FAO [2] predicts a population of nine billion people by 2050, and to have sufﬁcient food supply,
agricultural production should increase by 60% by the same year. This assumption has resulted in the
over-intensiﬁcation of agriculture production systems that fail to consider the environmental impact
of agricultural activities, causing several adverse effects on environment, such as water pollution,
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soil degradation and erosion, biodiversity loss, and deforestation [3,4]. Environmental sustainability
is a challenge for agriculture, given that the latter is a major contributor of global environmental
impacts, especially land degradation, freshwater depletion, nutrient and pesticide pollution, and GHG
emissions [5,6]. Climate change can interfere with food availability; for example, temperature rise,
precipitation pattern changes, extreme weather events, crop pests, disease outbreaks, and water
shortage may result in the reduction of agricultural productivity [7,8]. Therefore, weakening the risks
posed by climate change to food security is a major challenge.
Sustainable agriculture is based on emphasizing environmental quality, improving agronomic
productivity, and minimizing global climate change. It is a type of agriculture that uses external
energy inputs lightly and efﬁciently and may involve decreases in industrial mineral fertilizers,
agrochemical input, and increases in the proﬁt margins of farming systems [9,10]. Sustainable
agricultural systems will require a conversion from the dominant industrial agriculture formation
to one that conserves water and land, along with plant and animal genetic resources, and that
is environmentally non-degrading, economically viable, technically appropriate, and socially
acceptable [11,12]. Sustainable agriculture can raise productivity and meet sustainability criteria
to satisfy increasing human needs meanwhile contributing to the recovery and sustainability of
landscapes, the biosphere, and the earth systems [13].
Life cycle assessment (LCA) is a suitable and powerful means to evaluate environmental impact.
It links up with a product, producing process, or activity during its life cycle from raw material
extraction or production to ﬁnal disposal, namely, “cradle to grave.” Moreover, LCA is the method
that can assess the whole life cycle of a product or service. In the last few years, this methodology
has begun to concentrate on agriculture and its affected environmental impacts, such as climate
change, eutrophication, acidiﬁcation, nutrients, fertilizers, and crops [14–16]. However, studies
rarely consider the entire agricultural system, which comprises various activities (e.g., cropping,
breeding, nutrient leaching) and materials (e.g., fertilizer, feeds), which would provide a systematic
analysis and comprehensive strategies [17]. Environmental LCA is a signiﬁcant method for presenting
environmental improvements, given that it quantiﬁes sources of impacts throughout a product’s
life cycle for various environmental impacts, thereby allowing environmental improvements to be
determined and ranked; this method has been conﬁrmed to be useful [18–21]. The concept of circular
economy is changing our awareness on waste. Life cycle assessment (LCA) is a method to assess
environmental impacts by recycling, recycling and recycling from cradle to cradle to narrow the
generation of waste [22].
Taiwan imports more than 90% of its energy and suffers from the effects of climate change,
including sea level rise and the resulting energy instability and GHG emission offset, which are
now serious problems facing the country [23]. Environmental sustainability is a challenge for
agriculture, given that the latter substantially contributes to global environmental impacts, especially
land degradation, freshwater scarcity, pesticide pollution, and GHG emissions [24]. Tea is an important
domestic economic crop in Taiwan [25]. Therefore, Dongshan tea was selected as the object of this study,
and the study region was Yilan County. This work speciﬁcally aimed to accomplish the following:
(1)
(2)
(3)

Comprehend the environmental impact from the carbon emission and life cycle of Dongshan tea
via LCA;
Determine the carbon emission sources from Dongshan tea from cradle to grave according to the
results of LCA;
Assess the study results and propose proper countermeasures for reducing environmental impact
and carbon emission.

Tea is primarily produced from the leaves of the plant Camellia sinensis and is the oldest and
a commonly consumed beverage in the world because of its refreshing effect and mild stimulant
properties, as well as the medicinal and general health-promoting properties produced by three major
characteristic secondary metabolites (catechins, theanine, and caffeine); tea has had enormous medical,
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economic, and cultural importance since ancient times [26,27]. Tea production is geographically limited
to a few areas around the world. In 2009 to 2013, global tea production grew 20 percent rate to reach
5.06 million tonnes, as shown in Figure 1 [28]; furthermore, world tea production is projected to reach
8.07 million tonnes in 2027 [29]. Recently, the production and consumption of tea have dramatically
increased. Over two billion people drink tea in more than 125 countries [30]. Its remarkable health
beneﬁts are the main reason for its consumption [31,32]. However, many studies have discovered that
tea expansion causes disturbances to ecosystems, threatens biodiversity preservation, and increases
carbon dioxide emissions [33]. The interaction between agriculture and the natural environment
is strong, and investigations on the contribution of farming systems to environmental degradation
have been increasing gradually in regions with intensive agriculture practices. As for the increasing
consumer awareness and interest in sustainability issues, the assessment of environmental impact and
the usage of resources in distribution systems and food production have become indispensable [34].
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Figure 1. System boundaries and process of Dongshan tea.

The life cycle concept is being increasingly emphasized and regarded as a main idea in ensuring
the transition to sustainable production and consumption patterns. LCA has been used broadly for
assessing agricultural systems and food processing and manufacturing activities for ensuring sufﬁcient
and thorough support in decision-making under business and policy development circumstances [15].
Therefore, an extensive review of literature was conducted by the current work to sort out studies that
contained subjects related to LCA for the same agricultural products. Then, their assessment tools
were assessed for the main applying direction for the cases that use LCA. Results are shown in Table 1.
Table 1. Comparison of LCA in agricultural products.
Reference

Product/Country

System
Boundaries

Method

Results

Farshad et al. [35]

Tea/Iran

Cradle to grave

CML-IA

Most pollutant inputs were machinery and
diesel fuel.

Munasinghe et al. [36]

Tea/Sri Lanka

Cradle to grave

LCA

Energy use was the highest in the consumer
use phase, whereas CO2 emission was
highest in the packaging phase.

Azapagic et al. [37]

Tea/Kenyan

Cradle to grave

IPCC 100

CO2 emission was highest in the consumer
use phase.
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Table 1. Cont.
Reference

Product/Country

System
Boundaries

Method

Chen et al. [38]

Tea/Taiwan

Cradle to grave

PAS 2050

Li et al. [39]

Vegetables/China

Farm gate to
farm gate

USEtox 2.01

Shen et al. [40]

Vegetables/China

Farm gate to
farm gate

LCA

Theurl et al. [41]

Vegetables/Austria

Cradle to market

Ecoinvent v2.2

Unheated winter vegetable production was
feasible.

Liu et al. [42]

Pear/China

Cradle to market

IPCC 2007

Using manure for biogas production and
organic farming can reduce GHG emission.

Ingrao et al. [43]

Peach/Sicilian

Cradle to grave

IMPACT2002+

Largest impacts were due to huge volumes of
water and energy used by irrigation.

Longo et al. [44]

Apple/Italy

Cradle to gate

ILCD 2011

Largest energy and environmental impacts
were due to fertilizers, pesticides, and diesel.

Results
Fertilizer use in raw material phase and
energy use in consumer use phase were
hotspots.
Vegetable multicropping system use would
result in reduced environmental impacts.
Venlo-greenhouse environmental impact was
the most serious.

Researches on LCA for tea have generally focused on cradle to grave in environmental impact and
overall sustainability analyses. Farshad et al. [35] worked on an environmental–economic analysis of
tea’s life cycle in Iran from cradle to grave. LCA results indicated that the major pollutant inputs were
machinery and diesel fuel in farms and factories, whereas the three-layer packaging design had the
smallest environmental impact. Munasinghe et al. [36] focused on environmental impacts, economic,
social, and overall sustainability of the tea sector in Sri Lanka from cradle to grave. Their results
showed that energy use was highest during the consumer use phase; CO2 emission was highest
(44–47%) during the packaging phase; labor use was highest during the cultivation phase; and cost
was highest in the cultivation and purchasing phases. Chen et al. [38] studied the Organic Tea Product
Supply Chain Process Map and Carbon Footprint of Taiwan from cradle to grave. LCA results found
that the carbon footprint of tea was 12.53 CO2 eq/kg, which was highest (48.87%) during the raw
material phase, followed by the consumer use phase (31.8%). Fertilizer use during the raw material
phase and energy use during the consumer use phase were the identiﬁed hotspots.
In the ﬁeld of LCA research on vegetables, Li et al. [39] studied a highly diverse vegetable
multi-cropping system in Fengqiu County (China) from farm gate to farm gate. Results showed that
a vegetable multi-cropping system would cause even fewer environmental impacts compared with
a single-cropping system. Shen et al. [40] studied the three facility modes of vegetable production
in China from farm gate to farm gate. LCA results indicated that the serious impact on fresh water
depletion and human, fresh water, and terrestrial toxicity is solar greenhouse. Furthermore, the
venlo-greenhouse environmental impacts are 101 and 740 times more serious than the solar greenhouse
and pollution-free approaches, respectively. Theurl et al. [41] studied unheated, soil-grown winter
vegetables in Austria via LCA from “cradle to gate”. LCA results found that unheated winter vegetable
production was more feasible than existing systems in Austria and Italy.
In the ﬁeld of LCA research on fruits, Liu et al. [42] studied fossil energy use and greenhouse
emission in Chinese pear production from cradle to gate. LCA results showed that GHG emissions
in the pear production chain can be reduced by the use of manure in biogas production, transition
from conventional farming to organic farming, and reducing of mechanical cultivation. For reducing
environmental impacts, LCA could be applied as a means to conduct selections of agricultural inputs.
The work of Ingrao et al. [43] highlighted environmental hotspots in Sicilian peach production systems
from cradle to grave. LCA results found that irrigation methods had the most serious impact due to the
use of large volumes of water and energy. With improvements in irrigation methods, the production
process and usage of agricultural machinery can reduce GHG emissions. Longo et al. [44] studied
organic and conventional apple supply chains in the north of Italy from cradle to gate. LCA results
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showed that a considerable share of the overall energy and environmental impacts in farming was
because of the diesel consumption of agricultural machines and the use of fertilizers and pesticides.
Research on the sustainability of tea production and consumption shall produce important
information about means of improving the global tea industry and about output key experiences for a
broad range of other agri-industries and contribute greatly to make development more sustainable [36].
According to Table 1, environmental LCA is a useful means for reporting environmental improvements,
given that it quantiﬁes causes of impacts across the product’s life cycle for a range of environmental
impacts and provides relevant facts and information that can guide decisions on practice change.
By contrast, substantial research methods of LCA are available, but most of them are complex and
time consuming. Therefore, the simpliﬁcation and standardization of LCA methods will assist in the
development of sustainable agri-industries.
2. Materials and Methods
2.1. Study Scope and Goal
Deﬁning system boundaries on the basis of related goals is the ﬁrst step in LCA (Figure 2).
Dongshan Township (Yilan County) in the east of Taiwan was the main ﬁeld in this study. Tea is
the major crop in the area, which measures approximately 0.41 hectare and tea production volume
is approximately 150 kg. Teas have been produced here since 1987, and tea saplings originate from
Nantou. Even without applications for organic certiﬁcation, mountain spring water is being used for
irrigation, and soybean meal is being applied as base fertilizer, aided with a few chemical fertilizers
and pesticides. The cultivation method is relatively eco-friendly [45].
Field investigation and literature collection were conducted for assessing the cradle-to-grave
data, including materials obtained, manufacturing, distribution and transportation, consumer use,
and disposal and recycling phases. A PAS 2050-based LCA approach was used to evaluate the
environmental impact and carbon emission from each phase through SimaPro 8.0.2 (PRé Consultants
B.V., Amersfoort, the Netherlands), and the concept of LCA was employed for determining the
environmental impact and carbon emission of the product and for proposing countermeasures for
carbon emission reduction.

Figure 2. System boundaries and process of Dongshan tea.
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2.2. Life Cycle Inventory (LCI) Analysis and Limited
LCI analysis is the second step in LCA; it aims to obtain an accurate study of product carbon
footprint. Although PAS 2050, TS-Q 0010, and Product Life Cycle Accounting and Reporting Standard
and ISO14067 all consider that treatments of speciﬁc emissions and removals are given of land use
change, renewable power resources, and carbon storage, as well as delayed emissions, these approaches
are different and incomplete [46]. Inventory data for the study were obtained from face-to-face
interviews, databases, and other studies; however, the inventory of land use change, delayed emissions,
renewable power resources, and carbon storage was excluded from this study due to limited manpower
and material resources [46], and CO2 absorption by growing plants was not considered [47].
Data collected from tea sapling acquisition, transport, and disposal phases were from the
factories. Data for cultivation (Compound fertilizer (15-15-15 = 15% nitrogen, 15% phosphorus,
and 15% potassium), Soybean meal (6.8-1.5-2.3), pesticide (herbicide), gasoline for transport, PE barrel,
and PVC tube) and manufacturing (withering, rolling, fermenting, drying, sorting, and packaging)
were collected from factories and other in-country studies [48]. At the consumer use phase, relevant
emissions, such as boiling water used to brew tea, were assessed. In this study, 1 kg tea was assigned as
the functional unit; 10 g tea and 0.5 L water were assigned for the consumer use phase; and 0.06 kWh
from using an electric kettle with grid electricity for boiling a pot of water and 0.35 L wastewater was
assumed to be energy consumption for assessment. The LCI result for a 150 kg production in 0.41 ha
land use is shown in Table 2.
Table 2. Inventory of data for Dongshan tea LCI.
Processing

Material/Energy

Quantity

Unit

Raw materials

Sapling transport
Machine (diesel)
Machine (gasoline)
Compound fertilizer (15-15-15)
Soybean meal (6.8-1.5-2.3)
Pesticide (herbicide)
PE (tube and barrel)
PVC tube

23.25
1.5
55.6
240
60
0.5
13.99
1.99

TKM
L
L
kg
kg
L
kg
kg

Manufacture

Machine (electricity)
Kerosene
Liqueﬁed petroleum gas
Polythene bag

172.42
5
51.81
1.5

kWh
L
L
kg

Distribution

Finished product transport

8.25

TKM

Consumer use

Boiling of water
Tap water
Wastewater

900
7.5
5.63

kWh
m3
m3

Disposal

Retort pouch (landﬁll)
Papers (incineration plant)

50
60

kg
kg

2.3. Carbon Footprint Analysis
For quantifying the GHG impact of a product, PAS 2050, TS-Q 0010, Product Life Cycle Accounting
and Reporting Standard, and ISO14067 provide principles and requirements. Although methodologies
and procedures of these standards are similar, some differences still exist; quantization evolving from
GHG activity data multiplied by GHG emission or removal factors is recommended and in common
use [46]. In this study, this equation was used to quantify the carbon footprint for Dongshan tea from
cradle to grave.
Emission factors were mainly obtained from the database of Taiwan Environmental Protection
Administration, and the rest were based on the SimaPro 8.0.2 database and other public data. The GWP
value was used on the basis of IPCC 2007 100a, and the carbon dioxide emissions generated from
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electricity consumption (0.532 kg CO2 e/KWh) were determined by Taiwan’s National Greenhouse
Gas Registry website [49].
2.4. Life Cycle Impact Assessment (LCIA)
Environmental impacts were assessed using IMPACT2002+, with an assessment pattern involving
ﬁve steps, namely, characterization, damage assessment, normalization, weighting, and single score
computation [50]. This assessment method indicates a workable implementation of a combined
midpoint and damage approach, integrating all kinds of life cycle inventory results from 13 midpoint
categories to four damage categories. These midpoint categories can make the interpretation easier
and more useful for optimizing the damage categories [51].
The 13 midpoint categories of IMPACT 2002+ are carcinogens, respiratory, noncarcinogens,
inorganics, ozone layer depletion, ionizing radiation, respiratory organics, terrestrial ecotoxicity,
aquatic ecotoxicity, terrestrial acidiﬁcation/nutriﬁcation, land occupation, nonrenewable energy,
global warming potential, and mineral extraction. The four damage categories are climate change,
human health, ecosystem quality, and resources. Jolliet et al. [51] introduced the set of normalization
factors, which were applied to change each category value into a new damage unit to conquer the
problems. The relations between impact categories and damaged categories are shown in Table 3.
Table 3. IMPACT 2002+ damage unit values.
Damage Categories
Value/Damage Unit

Midpoint Category

Value

Damage Unit

Human health
0.0077
DALY/pers/yr

Carcinogens
Noncarcinogens
Respiratory inorganics
Ozone layer depletion
Ionizing radiation
Respiratory organics

1.45 × 10−6
1.45 × 10−6
7.00 × 10−4
1.05 × 10−3
2.10 × 10−10
2.13 × 10−6

DALY/kg C2 H3 Cl
DALY/kg C2 H3 Cl
DALY/kg PM2.5
DALY/kg CFC-11
DALY/Bq C-14
DALY/kg C2 H4

Ecosystem quality
4650
PDF × m2 × yr/pers/yr

Aquatic ecotoxicity
Terrestrial ecotoxicity
Terrestrial
acidiﬁcation/nutriﬁcation
Land occupation

8.86 × 10−5
8.86 × 10−5

PDF × m2 × yr/kg·TEG water
PDF × m2 × yr/kg·TEG soil

1.04

PDF × m2 × yr/kg SO2

1.09

PDF × m2 × yr/m2 org.arable

Global warming
potential

1

kg CO2 /kg CO2

Nonrenewable energy

5.10 × 10−2

MJ primary/MJ primary

Mineral extraction

45.6

MJ primary/MJ surplus

Climate change
9950
Kg CO2 /pers/yr
Resources
152,000
MJ primary/pers/yr

3. Results and Discussion
3.1. Carbon Footprint Analysis Results
In the case study of Dongshang tea, the carbon footprint is approximately 7.035 CO2 eq/kg, and
the ratio is roughly in accordance with the study of cradle to grave from local experts [38]. Details are
speciﬁed in Figure 3. Our study found that consumer use, accounting for 45.58% of the total, is the
major source of carbon emissions in the tea product life cycle. The raw material phase is the second
main source of carbon emissions, accounting for 35.15% of the total, followed by the manufacturing
phase, which accounts for 18.67% of the total. Distribution and disposal phases have a low percentage
of emissions.
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Figure 3. Overall carbon emission (kgCO2 eq/kg) contribution.

In this study, the raw material phase, which involves machinery use, fertilizer application,
sapling transport, and pesticide use, contributes 2.473 CO2 eq/kg per kg of tea, and nitrogen fertilizer
inputs into planting and growing was identiﬁed as a hotspot. Since the 1850s, a large volume of
anthropogenic nitrogen fertilizer has been applied to agricultural land to facilitate crop production.
Improper nitrogen fertilizer management causes various ecological and environmental problems,
and compared with the production of phosphate and potash fertilizers, that of nitrogen fertilizers
demands more energy requirement. Therefore, carbon footprint can be reduced via the efﬁcient use of
nitrogen fertilizers [52,53].
The manufacturing phase contributes 1.313 CO2 eq/kg per kg of tea, and the use of LPG roller
ﬁxation machine and electricity consumption for hot air drying were identiﬁed as hotspots. The four
main types of tea are black, green, white, and Oolong. Although they all originate from C. sinensis,
they are produced with varying fermenting degrees. Black tea is fully fermented; Oolong tea is
semifermented; white tea is low fermented, and green tea is nonfermented [54].
At the consumer use phase, tap water, boiling of water, and wastewater contribute 3.207 CO2 eq/kg
from 10 g tea and 0.5 L water. The main source of carbon emissions in the tea product life cycle is
electricity consumption from boiling a pot of water at 0.06 KWh using an electric kettle with grid
electricity. Results in this study conﬁrmed the ﬁndings of Munasinghe et al. [36], Azapagic et al. [37],
and Doublet and Jungbluth [55]. Therefore, carbon footprint can be reduced through the minimization
of the frequency of boiling water (such as heat preservation) or use of highly efﬁcient boiling water
facilities. The Taiwan Bureau of Energy, Ministry of Economic Affairs initiated the voluntary Energy
Label program in order to urge manufacturers to invest in research and development of energy-efﬁcient
products and promote the deployment of energy efﬁciency technologies. A consumer environment that
values highly energy-efﬁcient products could be created, given that consumers could easily recognize
such products through the “Energy Label.”
3.2. LCIA Results
The software SimaPro was used in this study to calculate the environmental impact of Dongshan
tea, and the calculation was performed via the IMPACT 2002+ assessment method. Figure 4 shows the
normalization environmental impact category of Dongshan tea. The ﬁgure indicates that the biggest
environmental impact categories are human health, climate change, resources in the raw material
phase, and climate change in the consumer use and manufacturing phases.
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Figure 4. Normalization environmental impact of Dongshan tea.

This study found that 96% of the impact of resource categories comes from the raw material
phase, the main midpoint being nonrenewable energy. The impact of climate change categories is quite
similar with carbon footprint analysis; 46%, 35%, and 19% come from the consumer use, raw material,
and manufacturing phases, respectively. The distribution and disposal phases have a lower percentage
of environmental impacts due to the concept of local use and consumption, which minimizes food
miles and waste materials through the use of large packing sizes for tea. Ecosystem quality yielded
a negative value in the raw material phase, given that mountain spring water and soybean meal are
used as base fertilizer and only minimal amounts of chemical fertilizers and pesticides are applied;
the cultivation method in this tea farm is relatively eco-friendly.
This study found that 97% of the impact of human health categories comes from the raw material
phase, and the largest midpoint is respiratory inorganics, which contributes 76%. Paramesh et al. [56]
also reported that the life cycle assessment pointed out on-farm emissions are the hotspot for
respiratory inorganics, whereas fertilizers are a potential hotspot. With increased chemical fertilizer
inputs and adoption of new technologies, crop yields have increased steadily, and food security has
improved, although it results in soil deterioration, GHG emissions, and water contamination [57,58].
Fertilizers are held responsible as the main factor for that category; however, compared to climate
change and fossil fuel depletion, these emissions are relatively low. With an optimized fertilization
strategy (including use compound fertilizer, and shorten transportation distances), the environmental
burden can be reduced [47]. Although the inﬂuence of organic fertilizers on crop yield is gradual
and changeable in a short period of time [59], the application of organic fertilizers, instead of
chemical fertilizers, is economically practical, contributes considerably to environmental sustainability,
and increases agricultural production [60]. In addition to spreading awareness about the importance of
environmental sustainability, national policy subsidies must market the use of organic fertilizers [61,62].
For encouraging the development of organic agriculture in the country, organic agriculture and
eco-friendly farming promotion have been included in 10 key policies of the new agriculture policy by
the Taiwan Council of Agriculture. Since 2017, subsidies for organic and eco-friendly farming have
been in place; a user receives NTD 3 per kg by using the recommended fertilizer brand, and for every
10 t organic fertilizer applied on a hectare of land, a user receives NTD 30,000.
4. Conclusions and Perspectives
This study investigated the environmental impact of Taiwanese Dongshan tea, the carbon footprint
assessment of growth in Yilan, and the consumption of tea in Taipei, covering the raw material,
manufacturing, distribution and transportation, consumer use, and disposal and recycling phases.
LCA results showed that energy used in the consumer use phase is the main hotspot in the case of
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Dongshan tea, and the biggest environmental impact in the human health category comes from the
use of fertilizers in the raw material phase. Therefore, a national policy of subsidizing use of organic
fertilizers and optimized fertilization strategy can reduce the environmental impact.
The largest energy consumption and life cycle environmental impact during tea processing is
contributed by black tea (versus Oolong and green) [63]. Dongshan tea is a kind of black tea, where the
emissions of LCA is the remaining 18.67% in the manufacture phase. In this case, solar power can be
utilized directly or indirectly during leaf drying and withering, thus reducing energy use.
Tea is the most widely consumed nonalcoholic beverage in the world apart from water [64];
therefore, improving sustainability in the tea industry will facilitate sustainable production and
consumption. Hence, we propose some measures for reducing carbon footprint and environmental
impact, including the use of highly efﬁcient boiling water facilities and heating preservation.
The implementation of these measures will minimize the frequency of boiling water in the consumer
use phase and decrease the use of nitrogen fertilizers in the raw material phase.
An entire change of the economic model is impracticable; thus, a progressive conversion of
consumer behavior is feasible in achieving an environmentally sustainable society [65]. In summary,
LCA is an internationally recognized approach for the environmental assessment of products and
processes [66]. The methods, results, and conclusions in this study can be used as a reference by
future researchers. In addition, this study provides a complete impact analysis and identiﬁes relevant
hotspots. Results provide essential data for policymakers, tea producers, and consumers, and the
suggested measures for the reduction of environmental impact can contribute toward a low-carbon
and sustainable agricultural development and consumption.
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Abstract: In order to reduce the taxiing time of departing aircraft and reduce the fuel consumption
and exhaust emissions of the aircraft, Shanghai Hongqiao Airport was taken as an example to study
the control strategy for aircraft departure. In this paper, the inﬂuence of the number of departure
aircraft on the runway utilization rate, the takeoff rate, and the departure rate of ﬂight departures
under the conditions of airport runway capacity constraints are studied. The inﬂuence of factors,
such as the number of departure aircraft, the gate position of the aircraft, and the conﬁguration
of airport arrival and departure runways, on the aircraft taxiing time for departure is analyzed.
Based on a multivariate linear regression equation, a time prediction model of aircraft departure
taxiing time is established. The fuel consumption and pollutant emissions of aircraft are calculated.
The experimental results show that, without reducing the utilization rate of the runway and the
departure rate of ﬂights, implementing a reasonable pushback number for control of departing
aircraft during busy hours can reduce the departure taxiing time of aircraft by nearly 32%, effectively
reducing the fuel consumption and pollutant emissions during taxiing on the airport surface.
Keywords: aircraft; taxi time; takeoff rate; pushback control; green transportation; carbon emissions;
reducing carbon emissions

1. Introduction
With the rapid development of air transportation, the number of ﬂights at major airports in China
has been increasing, making airport surface runways congested. This, in particular, causes the aircraft
on airport surfaces to take a long time to taxi, and an excessive number of ﬂights to wait in line at the
entrance to the runway. Due to premature pushback of aircraft and waiting on crowded taxiways,
an additional 10–20 kg of fuel consumption is added for each additional minute of taxi time [1,2],
resulting in an increase in aircraft exhaust emissions affecting the air quality around the airport.
A series of studies have been conducted by scholars at domestic and foreign terminals to control
the number of aircraft departing from airport surfaces and reduce the congestion time in aircraft
taxiing. In 2007, Balakrishnan H and Jung Y [3] studied the airport surface operation of Dallas–Fort
Worth airport by establishing an integer programming model. This study shows that using the
method of delaying the pushback time of departing aircraft can reduce the number of airport surface
taxiing aircraft and reduce congestion, thereby reducing the average taxiing time of departing aircraft,
Energies 2018, 11, 2473; doi:10.3390/en11092473
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and using airport surface aircraft taxiway optimization methods can signiﬁcantly reduce the waiting
time for aircraft crossing the runway, thereby reducing the average taxiing time of arriving aircraft.
In 2009, Simaiakis I et al. [4] analyzed the key factors affecting the taxi time of departing aircraft. Taking
the Boston International Airport (BOS) as an example, a forecasting analysis of the departure taxiing
time of aircraft was made, and a queuing theory model based on the departure process of aircraft
was proposed. Using this queue-pushback strategy for departing aircraft can reduce the departure
taxiing time and, thus, reduce aircraft pollutant emissions. In 2010, Jung YC et al. proposed the Spot
Release Planner (SRP) and Runway Scheduler (RS) [5]. The SRP aims to reduce an aircraft’s taxiing
time by keeping the runway productivity at the maximum level by sorting the order of departure of the
departing aircraft on the apron and controlling the pushback time of each aircraft to control the time that
the aircraft enters the maneuvering area. The RS is designed to sort and time-allocate departing aircraft
and arriving ﬂights across the takeoff runway to achieve maximum runway utilization. Jung YC et al.
combined the proposed two strategies to optimize the operation of busy airport surfaces. In 2010,
Lee H [6] proposed two ways to optimize the operation of airport surfaces: delayed pushback and
path optimization. Delayed pushback refers to the control of off-board aircraft that is applied during
an airport congested period to control the airport’s congestion. The path optimization optimizes the taxi
path of all aircraft at the airport based on the delayed pushback. With the application of airport surface
monitoring equipment, it makes it possible to analyze the airport surface trajectory of the aircraft in
detail using the airport surface monitoring data. In 2011, I. Simaiakis et al. [7] applied Airport Surface
Detection Equipment Model-X (ASDE-X) data from the monitoring equipment at Boston International
Airport. They considered the impact of the airport runway conﬁguration, the different type series
in the ﬂeet, meteorological conditions, and other factors on the airport runway capacity. A study
on aircraft pushback rate control at the airport was conducted. In 2013, S Ravizza [8] and others
calculated the required taxiing distance, the total steering angle, the type of departing and arriving
aircraft, the number of aircraft in operation on the airport surface, the usage conﬁguration of departure
and arrival runways, and the position of the gate. The establishment of a multiple linear regression
model helped to provide a more accurate prediction of the aircraft into and out of the required taxi
time. In 2015, Tang Y [9] elaborated on the concept of the Advanced Surface Movement Guidance
and Control System (A-SMGCS) proposed by International Civil Aviation Organization (ICAO) in his
doctoral dissertation and conducted a comprehensive study on an aircraft’s initial taxi route planning,
real-time optimization of aircraft taxiing routes, and A-SMGCS three-dimensional (3D) simulation.
In addition, Xiangling Z et al. [10] studied the issue of virtual pushback queues for departing ﬂights
at the gate position and the issue of decision-making for collaborative pushback of departing ﬂights.
In 2016, Nan L and Hongzhe L [11] analyzed the surveillance data of Hongqiao Airport, used support
vector machines to classify and determine the trajectory of taxi aircraft, and applied data mining
technologies to the prediction of airport surface aircraft taxi time, the determination of airport surface
taxi hotspots, and conﬂict zone determination.
Under the same runway conﬁguration conditions, as the number of aircraft pushback into the
apron and taxi systems increases, more ﬂights are added to the takeoff queue, resulting in a gradual
increase in runway utilization and departures from ﬂights. However, due to the effect of aircraft wake
spacing, when a certain number of taxiing departing aircraft is reached, the runway capacity becomes
the limiting factor and the number of taxiing departing aircraft will continue to increase. The runway
utilization rate and takeoff and departure rate of ﬂights will only tend to change smoothly. Therefore,
in practice, the tower controllers are more concerned with a reasonable number of departing aircraft
operations in a given runway usage conﬁguration. This paper uses the airport surface monitoring data
from Shanghai Hongqiao Airport to study the inﬂuence of the number of different departing aircraft
within the apron and taxi systems on the takeoff and departure rate of the ﬂights, the departure taxiing
time, and the runway utilization rate under runway capacity constraints. A departure time prediction
model for departing aircraft is established. A reasonable control strategy is implemented for departing
aircraft within the busy airport departure period without reducing the operating efﬁciency of the
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runway, thereby reducing the aircraft departure taxiing time and reducing aircraft fuel consumption
and pollutant emissions.
2. Airport Surface Operation Data Analysis and Deﬁnition
2.1. Airport Surface Monitoring Data Analysis
While the airport surface monitoring system assists controllers in performing aerodrome control
services more safely and efﬁciently, the equipment also records real-time aircraft trajectory data.
The aircraft movement trajectory data recorded by the airport surface monitoring system includes
a time stamp and the aircraft’s position, altitude, speed, and so forth, and by combining these with the
airport topology data, we can identify the operational status of the aircraft, such as its pushback, taxiing,
takeoff, and landing; calculate parameters, such as taxi distance and taxi time; identify the taxi path;
and provide a data foundation for studying aircraft airport surface operation and optimization [12,13].
Through the data analysis of the Shanghai Hongqiao Airport’s March 2015 airport surface
monitoring system, we have sorted out the full arrival and departure trajectories for ﬂights when using
the 18 L/18 R conﬁguration on the departure and arrival runway (18 L runway for approach and 18 R
runway for departure calculated as two complete tracks during the stop-and-depart process).
2.2. Airport Surface Operation Data Deﬁnition
Aircraft departure taxiing refers to the entire process of the pushback of the aircraft from the
gate position, the taxiing to the departure runway, and the wait for takeoff. In order to analyze the
operation of airport surfaces, this paper gives the following deﬁnitions of the quantitative indicators
for measuring airport surface operations:
1.

2.
3.
4.
5.

Departure taxiing time: the total time of the aircraft’s pushback from the parking position to the
time of taxiing to the departure runway, including the aircraft’s pushback, apron and taxiway
taxiing, and the holding time the entrance of the runway (unit: minute).
Number of airport surface aircraft: the total number of departing and arriving aircraft taxiing
(including taxi wait) or undergoing pushback in the apron and taxiway systems (unit: ﬂight).
Number of departure aircraft: the number of departing aircraft that are taxiing (including the taxi
wait) or undergoing pushback in the apron and taxiway systems (unit: ﬂight).
Runway utilization rate: the ratio of the length of time the runway is accumulatively occupied
over a period of time to the length of the time period of the calculation.
Takeoff and departure rate of ﬂights: the number of departing aircraft per unit of time (unit:
ﬂights/minute).

When calculating the runway utilization rate over a period of time, ﬁrst of all, it is necessary to
ﬁnd out the total time taken for the runway to be occupied during this period. In general, the time
spent on the following operations of the aircraft is accumulated into the occupied time of the runway.
6.
7.
8.
9.
10.

Takeoff running: the duration from the point where a departing aircraft accelerates for takeoff on
the runway until the aircraft’s landing gear tires are off the ground;
Departure waiting: the departing aircraft waits for takeoff clearance on the runway;
Final Approach: the duration from an arriving aircraft’s being at its ﬁnal approach phase of
2.5 nm (nautical miles) from the runway’s end to the landing of the aircraft on the runway;
Landing: the duration of an arriving aircraft’s starting to land to when it is off the runway;
Cross-taxi: the aircraft crosses over the runway.

For an airport with only one runway, when calculating the runway utilization rate of the airport,
the cumulative time of the ﬁve operations (6)–(10) of the aircraft needs to be taken into account as the
occupied time of the runway.
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For airports with multiple runways, if aircraft arrivals and departures run on different runways,
the time taken on the departure runway will only take into account the aircraft operations (6), (7),
and (10), and only the aircraft operations (8)–(10) need to be considered when the approach runway
is occupied.
3. Runway Capacity Analysis
This section applies the airport surveillance data to analyze the actual airport operational data.
Hongqiao Airport is a narrow-distance, dual-runway airport; 18 L is mainly used for arrival, 18 R is
mainly used for departure, and its taxiway system network is shown in Figure 1.
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Figure 1. Network diagram of the Shanghai Hongqiao Airport taxiway system.

3.1. Runway Utilization Rate Analysis
This paper analyzes the main runway conﬁguration of Hongqiao Airport, namely the 18 L
approach and the 18 R departure conﬁguration. Figure 2 shows the relationship between the
utilization of the departure 18 R runway and the number of departing aircraft on the airport surface.
The calculation of the runway utilization rate is based on a statistical period of every 15 min, because
the number of departing aircraft on the airport surface changes slightly every 15 min and this can
avoid statistical errors caused by excessive changes in the number of departing aircraft. Additionally,
a 15 min statistical period is not too short and the average runway utilization rate can be calculated
during this period so as to avoid statistical errors due to excessive statistical ﬂuctuations caused by the
statistical time being too short.

Figure 2. The relationship between runway utilization and the number of departing aircraft.
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The horizontal axis in Figure 2 shows the number of departure aircraft on the airport surface and
the vertical axis shows the runway utilization rate of 18 R. It can be seen that when the number of
departure aircraft on the airport surface is N ≤ 6, the number of aircraft departing the airport surface
at this time is small, and the runway utilization rate of the departure runway 18 R increases with the
number of airport surface departure aircraft. When the number of airport surface departure aircraft is
N = 7, the runway utilization rate is already close to 1, indicating that under the operating scale of the
number of departing aircraft, the 18 R departure runway has been basically used efﬁciently. When the
number of departure aircraft in operation on the airport surface is N ≥ 8, the runway utilization
rate ﬂuctuates at a value close to 1, indicating that the departure runway 18 R is continuing to be
used efﬁciently.
3.2. Analysis of Flight Takeoff Rate
Figure 3 shows the takeoff rate of ﬂights from departure runway 18 R as a function of the number
of departure aircraft on the airport surface. The takeoff rate statistics for the runway are also based
on a 15 min statistical period, and then the takeoff rate average of each departing aircraft quantity
is calculated.

Figure 3. The relationship between the takeoff rate and the number of departure aircraft.

When the number of departing aircraft is N ≤ 6, the number of departure aircraft on the airport
surface at this time is small, and the number of arriving and departing ﬂights per unit of time increases
with the increase in the number of departure aircraft on the airport surface. When the number of
departure aircraft is N = 7, the takeoff rate of ﬂights has reached its maximum. Correspondingly,
from Figure 2, it can also be seen that the runway utilization rate is close to 1, indicating that the
arrival and departure of the ﬂights began to be restricted by the runway capacity; the arrival and
takeoff rates of ﬂights reach 0.52 ﬂights/min (31 ﬂights/h). When the number of departure aircraft
on the airport surface is N ≥ 9, the takeoff rate of ﬂights calculated by the statistics shows a slight
downward trend. However, this does not simply indicate that the takeoff rate will decrease when the
number of departure aircraft on the airport surface is large in correspondence with Figure 2. When the
performance is N ≥ 9 compared to N = 7–8, the runway utilization is also close to 1, indicating that the
runway is still fully utilized. However, the percentage of waiting time for the aircraft at the runway’s
end increases when N ≥ 9 in Figure 2 compared with the case when N = 7–8, indicating that the
decrease in the takeoff rate is due to the increase in the holding time for takeoff at the runway’s end.
Through further analysis of the arrival and departure ﬂight data, it was found that because the double
runways of Hongqiao Airport are narrow parallel runways, the arriving and departing aircraft of
the two runways cannot take off and land at the same time because of the aircraft wake spacing.
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This means that the two runways cannot operate independently. Therefore, the continuous arrival
of multiple aircraft will affect the aircraft taking off, resulting in a decrease in the takeoff rate of the
runway 18 R and a cumulative increase in the number of departure aircraft on the airport surface,
such as the number of departure aircraft on the airport surface reaching 12. This situation is reﬂected
in the performance of N ≥ 9 in Figures 2 and 3. Although the takeoff rate of ﬂights has decreased,
the percentage of time that an aircraft is waiting to take off at the runway entrance has increased in the
runway utilization histogram.
Figures 2 and 3 can be summarized as follows: in the ﬁxed runway conﬁguration, the number of
departure aircraft that undergo pushback into the apron and taxiway systems increases as more ﬂights
are added to the takeoff queue. The runway utilization rate and takeoff rate have gradually increased.
However, aircraft takeoff will be limited by the time interval. When the number of departure aircraft on
the airport surface reaches a critical value or if the number of departure aircraft on the airport surface
continues to increase, the runway capacity will become a limiting factor. The runway utilization rate
and the takeoff rate will only tend to have stable ﬂuctuations and will no longer increase signiﬁcantly.
4. Aircraft Departure Time Prediction
4.1. Factors Affecting Departure Taxiing Time
Analysis of the departure taxiing process shows that the aircraft departure taxiing time is related
to the airport current runway conﬁguration, the gate of the aircraft apron, and the congestion status
of the departure taxiway through the apron and the taxiway systems. Under certain runway usage
conﬁgurations, the inﬂuence of the gate of the apron on the taxi time of the departing aircraft can be
expressed by a taxi distance parameter. The inﬂuence of the apron and taxiway systems’ congestion
conditions on the taxi time of departing aircraft can be expressed by the parameter of the number of
aircraft on the airport surface.
Through the data analysis of the Shanghai Hongqiao Airport March 2015 airport surface
monitoring system, we select the ﬂights in UTC time 04:00–06:00 (Local Time 12:00–18:00), which is the
busy time. The full sample contains 1469 departure ﬂights and 1399 arrival ﬂights. The data in Table 1
summarizes the statistics for the departure ﬂight sample.
Table 1. Summary of Statistics for the departure ﬂight Sample.

the Departure Taxiing Time (Minutes)
the Number of the Departure Aircraft (Flights)
the Taxiing Distance (Meters)

Mean

Median

Standard
Deviation

Max.

Min.

16.32
5.90
2232.37

14.19
6
2278

7.05
2.55
458.06

30.94
11
3055

2.73
1
1005

4.2. Impact of the Number of Aircraft on the Airport Surface
Figure 4 is a scatter plot of the departure taxiing time of aircraft and the number of aircraft on the
airport surface when each aircraft underwent pushback on 9 March 2015, UTC time 4:00–6:00. From the
scatter plot, it can be clearly seen that the departure taxiing time of aircraft gradually increases with
the increase in the number of aircraft on the airport surface.
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Figure 4. The scatter diagram of the relationship between the departure taxiing time and the number
of aircraft.

Considering that there are large differences in the taxi path between the arriving and departing
aircraft, the number of arriving aircraft has little inﬂuence on the taxiing time of the departing aircraft.
Therefore, all the arriving aircraft in the statistical data of Figure 4 are excluded and the scatter plot of
the departure taxiing time of aircraft and the number of departing aircraft on the aircraft surface is
obtained in Figure 5.
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Figure 5. The scatter diagram of the relationship between the departure taxiing time and the number
of departing aircraft.

The linear correlation coefﬁcient between the aircraft departure taxiing time and the number
of aircraft on the airport surface is R1 = 0.62; the linear correlation coefﬁcient between the aircraft
departure taxiing time and the number of departure aircraft on the airport surface is R2 = 0.79.
By comparing R1 and R2 , it is shown that the aircraft departure taxiing time has a stronger linear
relationship with the number of departure aircraft on the airport surface at the time of aircraft pushback.
Therefore, the number of departure aircraft on the airport surface can be used as a predictor variable
of the aircraft departure taxiing time.
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4.3. Effect of Aircraft Departure Taxiing Distance
The effect of the airport runway conﬁguration and an aircraft’s gate position on the aircraft's
departure taxiing time is reﬂected in the distance required for the aircraft to taxi from the apron to
the takeoff runway entrance. Figure 6 is the scatter plot of the aircraft departure taxiing time and the
required taxi distance for departure on 9 March 2015, UTC time 4:00–6:00. From the scatter plot, it can
be seen that the departure taxiing time increases gradually with an increase in the taxiing distance.
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Figure 6. The scatter diagram of the relationship between the ﬂight taxi time and the taxi distance.

In apron and taxiway systems, the aircraft generally taxis at a low and uniform speed. Therefore,
under an ideal no-taxiing-collision condition, when the aircraft is taxiing at a constant speed, the taxiing
time is positively related to the taxiing distance. The linear correlation coefﬁcient between the aircraft
departure taxiing time and departure taxiing distance is R3 = 0.77. This indicates that the aircraft
departure taxiing time and the departure taxiing distance have a strong linear relationship. Therefore,
the aircraft departure taxiing distance can be used as a predictor of aircraft departure taxiing time.
4.4. Departure Taxiing Time Prediction Model
The aircraft departure taxiing time T can be divided into two parts:
T = ttw + tc ,

(1)

where ttw represents the time taken by the aircraft to taxi from the apron to the departure runway
without conﬂict, and the magnitude of the value is related to the taxiing distance d; and tc indicates the
amount of time spent escaping and waiting for each aircraft during the taxiing process due to mutual
inﬂuence. The magnitude of the value reﬂects the degree of airport congestion and is related to the
number (N) of aircraft departures on the airport surface.
From the analysis in the previous section, the departure taxiing time of aircraft is linearly related
to the number of aircraft departing the airport surface and the departure taxiing distance. Table 2
shows the correlation data. According to the correlation coefﬁcient r of the independent variable,
when r is close to 1, there is a strong linear relationship between the two independent variables.
It represents only a judgment on collinearity between two independent variables. Therefore, multiple
linear regression models could be used to predict the aircraft departure taxiing time.

113

Energies 2018, 11, 2473

Table 2. Correlation Data.
the Number of
Departure Aircraft

the Taxiing Distance

1
0.66551

0.66551
1

the Number of Departure Aircraft
the Taxiing Distance

The multiple linear regression equation can be expressed as
y = m( x1 , x2 , . . . , x p ) + ε,

(2)

Since the linear regression assumes that m(x1 , x2 , . . . , xp ) is a linear function of the random
variables (x1 , x2 , . . . , xp ), in this paper, the aircraft departure taxiing time T is linearly related to the
number of departure aircraft on the airport surface N and the departure taxiing distance d. Therefore,
the multivariate linear regression equation expression of the aircraft departure taxiing time prediction
model can be expressed as
(3)
T = β 0 + β 1 N + β 2 d + ε,
In this formula, β 0 , β 1 , and β 2 are the linear regression coefﬁcients to be solved. For convenience
of description, Equation (3) is represented by the matrix expression below (Equation (4)):
Y = Xβ + ε,

(4)

To ensure correct statistics, it is usually necessary to make multiple observations on the
independent variable and the dependent variable corresponding to the independent variable. Assume
that the observation statistics are performed n times, where Y and ε are n-dimensional column vectors,
β is a (p + 1)-dimensional column vector, and the independent variable X is an n × (p + 1)-dimensional
matrix whose ﬁrst column is all 1. Additionally, take p = 2 corresponding to Equation (3).
In order to obtain the best-estimated vector parameter β, we make the sample Xβ estimation as
close as possible to the observed value Y, making the error term ε as small as possible. Using least
squares estimation, we can see that when β = X T X

−1

X T Y, the square of ε-mode

ε2 = (Y − Xβ) T (Y − Xβ)
2
n

= ∑

i =1

p

(5)

yi − β 0 − ∑ xij β j
j =1

reaches the minimum, so the best linear unbiased estimate is
β̂ = ( X T X )

−1

X T Y,

(6)

The adjusted coefﬁcient of determination R2Adj can be used to measure how well the model ﬁts
the data. The expression is as follows:
n

R2Adj = 1 −

2
∑ (ŷi − y) /(n − p − 1)

i =1

n

2
∑ ( y i − y ) / ( n − 1)

,

(7)

i =1

In this formula, n is the number of observations, that is, the number of departure aircraft counted;
yi is each observation value of the dependent variable, that is, the ith aircraft departure taxiing time; y is
the average of the dependent variable observations, that is, the average departure taxiing time of the
aircraft calculated; and ŷi is the estimated value of the dependent variable for each observation, that is,
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the multiple linear regression model prediction of the departure time of the ith aircraft. R2Adj values
between 0 and 1, with values closer to 1 indicating a better ﬁt [14].
To sum up, we assume that the number of airport surface departure aircraft is N and the required
departure taxiing distance is d. Equations (3) and (6) can then be used to obtain the ﬁtting prediction
formula for the aircraft departure taxiing time T as
T = −8 + 1.35N + 6.9d,

(8)

Table 3 shows the parameters of the multiple linear regression. By Equation (7), the goodness
of ﬁt is described by an Adjusted R2 = 0.835, which shows that the aircraft departure taxiing time
prediction model is reasonable.
Table 3. The tables of the parameters for regression.
Variable

Coefﬁcient

t-Statistic

Sig

C
N
d

−8.078409
1.353452
6.958

−2.81201
4.748534
4.259463

**
***
***

Sig. indicates if the p-value is 0.05 (*), 0.01 (**), or 0.001 (***).

5. Pushback Strategy for Departure on the Airport Surface
5.1. Implementation of Control Strategies
Taking the departing ﬂight of the No. 2 apron of Hongqiao Airport shown in Figure 1 as
an example, data analysis is conducted to compare the ﬂight departure taxiing time, the runway
utilization rate, and the takeoff rate under different departure aircraft numbers on the airport surface.
When the airport runway conﬁguration is 18 L/18 R, the average departure taxiing distance of
the No. 2 apron departing ﬂight is 2.25 km, and we substitute the taxiing distance into Equation (8).
Thus, the correspondence between the departure taxiing time of the ﬂight and the number of departure
aircraft on the airport surface can be obtained. Then, the corresponding relationship between the
runway utilization rate, the ﬂight takeoff and departure rate, and the number of departure aircraft on
the airport surface can be calculated according to the statistics of Figures 2 and 3. Thus, Table 4 can
be obtained.
Table 4. The operating parameters for different numbers of departure aircraft.
Airport Surface
Departure Aircraft
Number (N)

Taxi Time (min)

Takeoff and
Departure Rate
(ﬂight/min)

Runway Utilization (%)

1
2
3
4
5
6
7
8
9
10
11

8.87
10.2
11.6
12.9
14.3
15.6
16.9
18.3
19.7
21.0
22.3

0.11
0.21
0.29
0.37
0.43
0.49
0.53
0.53
0.50
0.44
0.42

32.0
47.5
61.5
72.1
83.3
94.0
98.9
97.3
97.0
98.5
100

According to Table 4, when the number of aircraft departures on the airport surface is N ≤ 6,
the number of departure aircraft is small and the ﬂight departure taxiing time, runway utilization
rate, and takeoff and departure rate of ﬂights increase with an increase in the number of aircraft
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departures on the airport surface. When the number of aircraft departures on the airport surface is
N = 7, the average departure taxiing time of No. 2 apron ﬂights is 16.9 min, the runway utilization rate
begins to be close to 1, the takeoff and departure rate is 0.53 ﬂight/min, and the ﬂight departure process
begins to be controlled by the runway capacity limits. When the number of airport surface departure
aircraft is N ≥ 8, the runway utilization rate and the ﬂight takeoff and departure rate no longer increase,
while the average taxi time of departure ﬂights on the No. 2 apron no longer increases. Therefore,
when the number of airport surface departure aircraft is N ≤ 7, the tower aircraft controller can act in
accordance with the ﬁrst-come ﬁrst-service (FCFS) principle based on the pushback request clearance
issued by the ﬂight. When the number of airport surface departure aircraft is N ≥ 8, the controller can
ﬁrst control the aircraft pushback at the gate position, and then set up a virtual pushback sequence
for these departure ﬂights. When N ≤ 7, the departure ﬂights will be queued according to the virtual
pushback sequence. The implementation of the departure control strategy for the aircraft did not
reduce the runway utilization rate and ﬂight takeoff and departure rate, but it slowed the airport
surface congestion so that the departure taxiing time can be effectively reduced without increasing the
total delay in departure ﬂights.
5.2. SIMMOD Simulation
The SIMMOD software was used to simulate the use of the departure control strategy. SIMMOD
is a discrete-time simulation software released by the U.S. Federal Aviation Administration. SIMMOD
provides dynamic decisions based on user-deﬁned rules, and each process of a ﬂight is controlled
based on user rules. Its performance indicators are: the ﬂight time of the aircraft, the capacity per unit
of time, delays, etc. [15–19].
The SIMMOD simulation model relies mainly on a detailed description of the airport and airspace
network, and the trafﬁc ﬂow moves on the nodes and connections of the network. The operating path
of the aircraft can be speciﬁed either by the user or automatically by the Dijkstra Algorithm [20–23].
First, the Computer Aided Design (CAD) map of Hongqiao Airport is imported into SIMMOD to
establish the airport topology map and the waypoints are inputted to establish the arrival and departure
procedures and routes. Then, according to the ﬂight plan of on 9 March 2015, UTC time 4:00–6:00 (local
time 12:00–14:00), the arrival and departure ﬂight information is established. The departure control
strategy simulation is implemented.
The simulation results show that the average wait time of the 52 departure ﬂights was 2.24 min,
the total taxi time was decreased by 119 min, and the maximum waiting time for the gate was 14 min.
As shown in Figure 7, the blue line represents the case where the departure control is not used, and the
red line represents the case where the departure control is used. It can be clearly seen from the ﬁgure
that by the use of the departure control strategy, the total departure taxi time is reduced.
The taxi time predicted in Section 5.1 by the Section 4 multiple linear regression prediction method
is basically consistent with the taxi time obtained by the Section 5.2 SIMMOD simulation
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Figure 7. The scatter diagram of the relationship between the ﬂight taxi time and the taxi distance.

5.3. Analysis of Fuel Saving and Emission Reduction Data
During the busy hours of airport operation, the number of departure aircraft on the airport
surface was controlled at N = 7. Compared with N = 9–11, the runway utilization rate and the takeoff
and departure rate did not change substantially; however, the average departure taxiing time of each
aircraft on the No. 2 apron decreased by 2.8–5.4 min, accounting for 16.7–31.9% of the aircraft departure
taxiing time at this time.
Taking the CFM56-5B4/P engine of the Airbus A320 as an example, the total amount of fuel
oil and pollutant gas emissions consumed for each departing aircraft’s taxiing on the No. 2 apron
is calculated when the aircraft implements different departure control strategies [24,25] as shown
in Table 5.
Table 5. The total fuel consumption and total pollutant emissions of departing aircraft under different
departure control strategies.
Airport Surface Departure
Aircraft Number (N)

Fuel Consumption (kg)

Pollutants Total Emissions (kg)

6
7
8
9
10
11

194.6
210.9
228.4
245.9
262.1
278.3

6.28
6.81
7.37
7.94
8.46
8.98

As can be seen from Table 2, when the number of airport surface departure aircraft is controlled
to be N = 7, the fuel consumption per A320 departure ﬂight is reduced by 35 kg to 67 kg compared to
N = 9–11. Gas emissions decreased by 1.13–2.17 kg.
For other common aircraft types on the apron, when the airport implements a departure control
strategy with N = 7 during busy hours, the reduction in fuel consumption and total pollutant emissions
per ﬂight is shown in Figure 8.
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Figure 8. The fuel consumption reduction graph.

From Figures 8 and 9, it can be seen that the fuel consumption and pollutant emissions of each
type are greatly reduced. Therefore, the departure control strategy was adopted during the busy hours
of airport operation, which effectively reduced the fuel consumption during the taxiing stage of the
aircraft and reduced their pollutant emissions.

Figure 9. The reduction in the pollutant emissions.

6. Conclusions
In this paper, the Shanghai Hongqiao Airport is taken as an example to study the control strategy
for departure aircraft pushback on the airport surface. The inﬂuence of the different numbers of
departure aircraft within the apron and taxiway systems on the runway utilization rate and the takeoff
rate was studied under airport runway capacity constraints. Additionally, the inﬂuence of factors, such
as the number of departure aircraft in the apron and taxiway systems, the position of the apron, and
the conﬁguration of airport arrival and departure runways, on the departure taxiing time of aircraft
was analyzed. Multiple linear regression equations were used to establish an aircraft taxi departure
time prediction model and the reductions in fuel consumption and pollutant emissions were calculated.
The results show that reasonable control of the pushback of departing aircraft during the airport’s
busy hours can reduce the aircraft departure taxiing time without reducing the runway utilization
rate and takeoff and departure rate of the aircraft, thereby reducing aircraft fuel consumption and
pollutant emissions during the taxiing phase.
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Abstract: Greenhouse gas emissions are one of the most critical worldwide concerns, and multiple
efforts are being proposed to reduce these emissions. Shipping represents around 2% of global
CO2 emissions. Since ship power systems have a high dependence on fossil fuels, hybrid systems
using diesel generators and batteries are becoming an interesting solution to reduce CO2 emissions.
In this article, we analyze the potential implementation of Li-ion batteries in a platform supply
vessel system through simulations using HOMER software (Hybrid Optimization Model for Multiple
Energy Resources). We evaluate the impact of battery characteristics such as round trip efﬁciency,
rated power, and energy capacity. We also evaluate the potential CO2 emissions reduction that could
be achieved with two of the most common types of Li-ion batteries (lithium titanate, lithium iron
phosphate). Furthermore, we consider that the Li-ion batteries are installed in a 20 ft container.
Results indicate that the lithium iron phosphate battery has a better performance, even though
the difference between both technologies is lower than 1% of total emissions. We also analyze the
potential emissions reduction for different parts of a mission to an offshore platform for different
conﬁgurations of the ship power system. The most signiﬁcant potential CO2 emissions reduction
among the analyzed cases is 8.7% of the total emissions, and it is achieved by the conﬁguration
including the main and auxiliary diesel engines as well as batteries. Finally, we present managerial
implications of these results for both companies operating ships and ship building companies.
Keywords: CO2 emissions; HOMER software; hybrid ship power systems; Li-ion battery; shipping

1. Introduction
In recent years, concerns about greenhouse gas emissions have risen and discussions took place
to decide each country’s strategy to reduce these emissions. Kyoto Protocol and Paris Agreement are
the results of these discussions.
The Kyoto protocol was adopted in 1997 at the Kyoto conference. This protocol was the ﬁrst to
introduce emissions limits and an agenda to prevent further global warming [1]. Moreover, the Kyoto
protocol brought in some mechanisms such as the International Emission Trading (IET), the Joint
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Implementation Mechanism, and the Clean Development Mechanism (CDM) [2]. IET allowed
industrialized countries, included in Annex B of the protocol, to buy and sell their assigned emissions.
The Joint Implementation Mechanism allowed governments to develop projects that reduced
emissions in other countries to earn emission reduction units (ERUs). In addition, the Clean
Development Mechanism focuses on the relations between countries of Annex B and developing
countries. Thanks to this mechanism, developing countries could sell Certiﬁed Emission Reduction
(CER) units to an industrialized nation. Certiﬁed Emission Reduction units could be earned by
obtaining the certiﬁcation that a given project, promoted by a developing country, reduced emissions.
Unfortunately, the ﬁnal deal did not set an objective for emissions reduction in the international
shipping sector.
The Paris agreement entered into force on the 4th of November 2016; its main ambition is to
keep the temperature increase below 2 ◦C [3]. Countries have presented their national situation and
their target to reduce global greenhouse gases in the intended nationally determined contributions [4].
Moreover, the International Panel on Climate Change (IPCC) also wrote a report about the impacts
that would be caused by an increase of 1.5 ◦C of the global temperature. Every potential solution is
required to attain this reduction level.
These international agreements helped to bring out the discussion about emissions in the
transports sector and more particularly shipping emissions, which are the focus of this work. As can be
seen in Figure 1, shipping accounts for 2% of global CO2 emissions, shipping emissions are equivalent
to the ones of Canada, and shipping emits 20% more than aviation. A recent study by the European
Parliament shows that shipping emissions should be reduced of 13% by 2030 and 63% by 2050 from
2005 level, in order to stay below 2 ◦C. However, maritime emissions have increased by 3% per year
between 1990 and 2010 [5], this is higher than the increase of global Greenhouse Gas (GHG) emissions,
which is of 1.1%.

Figure 1. Global CO2 emissions ranking according to the Emission Database for Global Atmospheric
Research (EDGAR) report [6].

Figure 2 shows the rise of the world seaborne trade. We observe that the crude oil loaded trade
has remained stable during the 37 years analyzed and that the trade involving petroleum products
and gas has slightly increased. We also observe that the dry cargo ship loaded trade has increased
very signiﬁcantly.

122

Energies 2019, 12, 375

Metric Tons Loaded (in Billions)

14
Crude oil loaded
Petroleum product and gas loaded
Dry cargo loaded

12
10
8
6
4
2

2015

2010

2005

2000

1995

1990

1985

1980

1975

1970

0
Year

Figure 2. Annual world seaborne trade from 1970 to 2017 according to the United Nations Conference
on Trade and Development [7].

The fact that ships are responsible for 90% of global trade [8] combined with the rapid growth in
maritime trade (Figure 2) highlights the urgency of lowering CO2 emissions from this sector.
The following articles have studied the potential CO2 emissions reduction in the shipping sector,
notably by investigating energy dispatch strategies in ships.
In [9], Miyasaki et al. proposed a model to calculate fuel savings and the emissions reduction
potential, considering various constraints. Even though this article presents good results, such as a fuel
consumption reduction of around 45%, it neither clearly describes the missions that are considered nor
evaluates CO2 emissions for a full routine of the ship. Compared to [9], our article presents a mission
routine with a load curve that clearly shows the power variations that the generators need to support
during the whole mission. Moreover, we pursue the analysis for each part of the mission highlighting
the parts that present the highest CO2 emissions reduction potential.
In [10], Miyasaki et al. presented a model of a hybrid power system and validated it experimentally.
The authors evaluated the effect of the battery efﬁciency, considering a variation of the efﬁciency from
80% to 100%. However, since there is no commercially available battery for ships that achieves 100%
efﬁciency and battery efﬁciency can drop below 80%, we consider a variation of the round trip efﬁciency
from 70 to 96%. Moreover, our article also studies the impact of different C-rates and discharge times
on emissions reduction.
In [11], Kanellos presented an algorithm to optimize the energy dispatch in an all-electric ship
considering some constraints such as power balance, generator loading, GHG emissions, and ramp
rates. The article included a cost to start the generators, which is not considered in our article. On the
other hand, [11] neither studied the potential of hybrid power systems nor investigated the inﬂuence
of the minimum load level of generators.
Section 2 presents the methodology used in this work. In section 3, sensitivity analyses are
performed showing the effects on CO2 emissions reduction of changes in power system characteristics
such as round trip efﬁciency, battery power, battery capacity, and minimum generators load level.
Section 4 presents a comparison between two Li-ion battery technologies (i.e., lithium-titanate,
lithium iron phosphate). In Section 5, the potential reduction in CO2 emissions that can be achieved for
each part of a mission is evaluated. We notably study the potential impact of using auxiliary generators
during low load parts of the mission, since they could allow to disconnect bigger generators which are
working at lower efﬁciency points.
The originalities of this article include the consideration of different technologies of batteries,
a sensitivity analysis over parameters that were not considered previously, the study of new power
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system architectures including batteries and auxiliary generators, and the computation of CO2
emissions reduction during different parts of a mission to an offshore platform.
These aspects are worth considering since there are multiple battery technologies with different
round trip efﬁciencies and several ship power system architectures. In addition, requirements for each
part of the mission are different, which implies that the use of batteries and auxiliary generators could
also differ for each part.
2. Methodology
This section presents the general methodology for the simulations, the software used and the
range of analyzed parameters. The different architectures used in the simulation cases are shown in
Figure 3.
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Figure 3. Power system diagram of the Platform Supply Vessel (PSV) considered. The base case
analyzed is in black. The components connected to the base case to evaluate the potential of
auxiliary generators are in red. The ones related to batteries are in blue. The last analysis pursued
(auxiliary generators + batteries) comprises all the elements of this ﬁgure.

2.1. Simulation Cases
The performance of a generic Platform Supply Vessel (PSV) is analyzed by simulating multiple
architectures of a hybrid system including diesel generators, energy storage systems, and auxiliary
generators. Figure 3 shows the electrical diagram of the hybrid system [12]. The main group of
generators is composed of four 1850 kW diesel generators and is connected to a bus-bar providing
energy to different types of loads such as thrusters (bow and azimuth thrusters), base load, service load,
and to batteries.
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The optimal dispatch of the available energy to supply the demand is performed using HOMER
(Hybrid Optimization Model for Multiple Energy Resources) software. HOMER uses a proprietary
derivative-free optimization method to ﬁnd the system with the lowest cost considering combinations
of available energy sources and the load proﬁle.
Following general procedures to analyze isolated systems such as island electrical systems [13,14]
and general recommendations to implement Li-ion batteries in ships [15], we developed a general
methodology to evaluate CO2 emissions.
A base case is deﬁned using the load demand proﬁle shown in Figure 4. The minimum load level
for three 1850 kW diesel generators is set at 50%, for the other diesel generator the minimum load level
is set at 10%. Minimum load means that the generator will be switched on only if the power it would
produce is higher than 50% or 10% of its rated power. No batteries or auxiliary generators are used in
the base case. In this article, we use “Diesel” to refer to the main generators and “Diesel Aux” to refer
to the auxiliary ones. We simulate four identical 1850 kW diesel generators, two additional auxiliary
generators (450 kW) and multiple Li-ion batteries with different round trip efﬁciency, rated power,
rated capacity, and C-rate. CO2 emissions are evaluated for all cases. The time step of the simulations
is 30 min.
Sensitivity analyses compare CO2 emissions reduction potential that can be achieved by four
main parameters:
•
•
•
•

Round trip efﬁciency. The total round trip efﬁciency of batteries and charge converter is combined
under one parameter which varies from 70% to 96%.
Minimum load level of diesel generators. We simulate minimum load levels of 30%, 40%, and 50%.
Battery C-rate. The energy capacity of the battery system is ﬁxed at 1000 kWh to simulate multiple
cases with different C-rates from 0.2 to 2.
Battery energy capacity. The energy storage system is ﬁxed at 1000 kW of rated power. Multiple
cases are simulated for different energy capacities, therefore inﬂuencing the time that the storage
would last if we discharge it at the rated power. This discharge time varies from 12 min to 120 min.

We investigate the implementation of lithium iron phosphate and lithium titanate batteries in a
typical 20 ft container. Some considerations are taken into account to estimate the effective volume
available for batteries inside the container.
In Section 5, we present the results of the individual simulations for each part of the mission
(loading in port, laden voyage, DP operation, partial load voyage, standby). It allows the evaluation of
the CO2 emissions reduction potential of each conﬁguration proposed in this article for each part of
the mission.
The following conﬁgurations including auxiliary generators and batteries are evaluated:
•
•

•

Diesel + Battery. There are four 1850 kW diesel generators and a 1000 kW–1000 kWh battery system.
Diesel + Diesel Aux. There are four 1850 kW diesel generators and two 450 kW auxiliary
generators at minimum load level 50%, which are included only during loading in port and
standby operations.
Diesel + Battery + Diesel Aux. There are four 1850 kW diesel generators, a 1000 kW–1000 kWh
battery system, and two 450 kW generators during loading in port and standby.

The full mission and individual mission parts are simulated for each conﬁguration.
For conﬁgurations including batteries, the state of charge at the end of one part of the mission is
used as initial state of charge for the next part of the mission.
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Figure 4. Power demand during the different parts of the mission.

2.2. Mission Proﬁle Considered
The power demand during the different parts of the mission is presented in Figure 4. This load
proﬁle is considered for the different simulations performed in this article. The mission starts in the
port, where the ship is fully loaded with goods that should be transported to the offshore platform.
Then it begins a voyage to the platform and, since the vessel is fully loaded, this part of the mission is
called “laden voyage”. When the ship stops at the platform, if the climate conditions are appropriate,
the ship starts the Dynamically Positioned (DP) operation. During this operation, the DP control
system receives all the information about wind and tidal current speed and calculates the power that
each thruster should dispatch to keep the ship steady.
The thrusters of this PSV are the bow thrusters, that only move the ship forward and backward,
and the azimuth thrusters, that can drive the vessel in any direction. The DP control system sends
the exact direction towards which the azimuth thrusters should move the ship to counterbalance the
forces that tend to make the ship drift, keeping the ship steady.
After the DP operation the ship starts a voyage back to the port. During this voyage, the ship is
not fully loaded and it is therefore called partial load voyage. As can be seen in Figure 4, the partial
load voyage requires less power than the laden voyage. Finally, the ship arrives close to the port area
but receives a message to wait because the port does not have a space available to receive the vessel.
During this time, the vessel is in standby operation.
As shown in Figure 4, even though the ship is keeping a position in DP operation and standby,
the restriction of movement during DP operation is more power demanding. Indeed, the tidal and
wind forces are stronger during the DP operation than during the standby operation, as the ship is
further away from the shore. Moreover, the ship does not have to remain completely steady during
the standby operation.
2.3. Batteries Charge-Discharge Cycles
An additional consideration related to batteries is their total number of full charge-discharge
cycles. Since batteries present erratic states of charge (SoC) through the whole mission, it is difﬁcult
to directly determine the total number of cycles for a battery. We decided to estimate the number of
cycles by calculating equivalent battery cycles per mission. For this step we take the total energy ET
cycled through the battery and divide it by the actual available battery energy. The result, shown in
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Equation (1), is an equivalent of total full charge-discharge cycles during the mission and is one of the
variables evaluated for multiple cases in this article.
Number of cycles =

ET
E90% − E20%

(1)

where:
ET : Total cycled energy through the battery (kWh)
E90% : Battery capacity at 90% SoC (kWh)
E20% : Battery capacity at 20% SoC (kWh)
Battery states of charge 90% and 20% are selected to increase battery life, following the
recommendations provided by Xu et al. [16]. Indeed, using batteries at very high state of charge
increases their capacity loss and deeply discharging batteries decreases their lifetime.
2.4. Optimization Performed with HOMER
HOMER [17] is a software for modeling and optimizing small grids connected or not connected
to the main grid. HOMER software is a commercial program developed by the National Renewable
Energy Laboratory (NREL) and now managed by HOMER Energy LLC. HOMER uses available
information about:
1.
2.
3.

Energy resources (e.g., fuel-powered generators, solar photovoltaic, wind turbine, biomass power,
fuel cell);
Energy storage (e.g., batteries, ﬂywheel, hydrogen);
Loads (i.e., load demand proﬁle)

Figure 5 shows the 1850 kW generators efﬁciency curve used in HOMER simulations. HOMER
allows the evaluation of multiple system conﬁgurations, which combine elements of these three types,
calculating energy balance for each time step and then calculating the energy ﬂow for each component
ensuring that the demand is always met.
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Figure 5. Efﬁciency curve for the 1850 kW diesel generators used in simulations.

To determine which element is dispatched at each time step, HOMER compares the energy cost
of each element considered in the conﬁguration, dispatching elements with the lowest energy cost ﬁrst.
For example, for fuel generators [18], the required data include the capital cost ($) the replacement
cost ($), the O&M cost ($/h/year), and the fuel cost ($/l). With this information, HOMER calculates
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ﬁxed and marginal costs. Fixed energy cost is the cost of running the generator for one hour. Marginal
energy cost is the cost of every kilowatt-hour produced. A similar procedure to generators is followed
for batteries, calculating ﬁxed and marginal costs (from capital cost, replacement cost, O&M cost,
cost of stored energy when it comes from a fuel generator). However, in this article battery ﬁxed costs
and O&M costs are not considered.
Thanks to all these information, HOMER performs an optimization to ﬁnd the cheapest
conﬁguration amongst all simulated cases. HOMER also provides the CO2 emissions associated
to the different simulated cases. In this article, we always select the cheapest conﬁguration and give
the associated CO2 emissions.
3. Sensitivity Analysis
3.1. Round Trip Efﬁciency
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This section describes a sensitivity analysis considering a variation from 70% to 96% in the
battery round trip efﬁciency. The minimum load of diesel generators for simulations is 50%, since it
is recommended to operate generators above this level [19]. The sensitivity analysis aims at ﬁnding
out a round trip efﬁciency value which presents better results in comparison to the base case of
vessel operation without battery. Figure 6 shows CO2 emissions comparing the with and without
battery cases.
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Figure 6. Changes in CO2 emissions and number of cycles caused by a variation in the round trip
efﬁciency. Battery power and capacity ﬁxed at 1000 kW–1000 kWh. In red: CO2 emissions reduction in
the case of four diesel generators with batteries in comparison to the base case (four diesel generators
and no batteries). In black: Number of battery cycles.

CO2 emissions reduction vary from 4.5% to 8.6%. The number of battery cycles remains almost
constant for the whole range.
The total energy generated varies with the round trip efﬁciency, as can be seen in Figure 7.
Even though the total energy generated is higher in the case of the hybrid system than in the case with
diesel only, batteries enable the operation of generators at higher efﬁciency points. This explains why
the introduction of batteries allows to reduce fuel consumption and CO2 emissions.
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Figure 7. Total generation variation with the round trip efﬁciency for the case of four diesel generators
with batteries in comparison to the base case.

3.2. Minimum Load Level of Diesel Generators
Diesel generators have predeﬁned minimum load levels below which they cannot operate.
To evaluate the effect of minimum load level on CO2 emissions reduction, full mission simulations
for three cases are performed. These simulations consider minimum load operation of 30%,
40%, and 50% for the 1850 kW diesel generators. Moreover, the batteries parameters are set as
following: power 1000 kW, capacity 1000 kWh, round trip efﬁciency 92%. A value of 92% is considered
for the efﬁciency because it is the average between the round trip efﬁciencies of lithium titanate and
lithium iron phosphate batteries (see Table 2), two very common battery technologies. We compare the
results with the base case.
According to Tufte [19], marine engineers sometimes operate with diesel generator load lower than
50%, even though low-load operations (i.e., under 50%) for more than 8 hours are not recommended
by some engine manufacturers. There is evidence that operating under that limit can cause a negative
impact related with the incomplete combustion of fuel in the inner part of the engine components due
to low cylinder pressure [19]. If the low-load operation lasts for a long time, it is recommended to
operate for at least 30 min at 50% after the low-load operation. Results on CO2 emissions and the total
energy produced for the three minimum loads are shown in Figure 8.
The evolution of CO2 emissions with the load level is explained by the fact that, for lower
minimum levels, generators operate more frequently at lower power resulting in overall higher
fuel consumption and CO2 emissions. Indeed, generators efﬁciency decreases as operating power
decreases (see Figure 5). In any case, results do not show a high impact of the generators minimum
load level on CO2 emissions and generated energy. Given this result and the problems that may be
caused by running at a low load level, lowering the minimum load level does not appear to be an
interesting strategy.
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Figure 8. CO2 emissions reduction and total energy generated increase for the case with four diesel
generators and batteries in comparison to the case with four diesel generators without battery.
The round trip efﬁciency is kept at 92% for the three minimum load levels simulated. The generators
minimum load levels simulated are 30%, 40%, and 50%, the equivalent number of battery cycles during
the operation are 43.8, 41.9, and 41.6, respectively.

3.3. Battery C-rate and Energy Capacity
Another sensitivity analysis is made in order to account for the impact of battery power and
energy capacity. First, the energy capacity of the battery is ﬁxed at 1000 kWh to simulate multiple
cases with different C-rates from 0.2 to 2. Results of this evaluation are shown in Figure 9.
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Figure 9. CO2 emissions reduction in the case of four diesel generators with batteries in comparison
to the base case (four diesel generators and no battery). The energy capacity of the battery system
is ﬁxed at 1000 kWh and the round trip efﬁciency at 92%. Multiple cases with C-rates from 0.2 to 2
are simulated.

A 0.2 C-rate is equivalent to a rated power of 200 kW for the current battery capacity of 1000 kWh.
Similarly, a 2.0 C-rate is equivalent to a rated power of 2000 kW. For C-rates under 0.6, CO2 emissions
reduction is lower than 2%. However, emissions reduction is higher than 5% for C-rates higher or
equal to 0.6.
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Figure 10 shows the CO2 emissions variation with rated battery energy capacity. Indeed, as the
rated power is ﬁxed at 1000 kW, a rated energy capacity of 200 kWh is equivalent to 12 min of discharge
time and 2000 kWh to 120 min.
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Figure 10. CO2 emissions reduction in the case of four diesel generators with batteries in comparison
to the base case (four diesel generators and no battery). Battery rated power is ﬁxed at 1000 kW.
Multiple cases are simulated for different energy capacities, varying the time that the storage would
last if we discharge it at the rated power. Every 12 min of discharge time is equivalent to 200 kWh of
battery capacity.

As can be seen in Figure 10, the reduction of CO2 emissions considerably increases from 12 to
36 min, but after that the rate of increase is reduced. The gain obtained by the increase of the discharge
time after 36 min is triggered by the reduction of the number of cycles. The reduction of the number
of cycles has a signiﬁcant impact on the increase of the battery life. Results show that a battery with
12 min capacity of discharging at rated power is almost not used, indicating that for the current load
demand a 200 kWh–1000 kW battery system is considered not worth to dispatch by the optimization
method. At the same time, since energy is limited by feasible generators and load demand, it is
expected that there is a saturation level over which increasing battery energy capacity and rated power
would not affect CO2 emissions.
4. Lithium Iron Phosphate and Lithium Titanate Batteries Comparison
With the increasing installation and use of energy storage systems in PSV and other ship power
systems, space and standardization of batteries have become relevant to minimize their time for
installation and maintenance. Overall, the most suitable installation method of batteries that has
also gained popularity in the last years is their installation in a 20 ft container. Li-ion batteries are
among the preferred technologies used in power systems around the world. Figure 11 shows examples
of rated power and operating duration of Li-ion battery systems connected to the grid in operation
worldwide [20].
Zubi, Dufo-López, Carvalho and Pasaoglu [21] highlight that the production structure of
lithium-ion batteries can be divided into three tiers. Tier 1 includes the battery cells and the battery
pack usually used in Battery Management Systems (BMS). Tier 2 comprises the cell components such
as: Cathode, anode, separator, and electrolyte. Tier 3 covers materials such as lithium, aluminum,
graphite, and cobalt. Valence Technology, Sony, ATL, Panasonic, A123 System, GS Yuasa, Lishen,
Hitachi Vehicle Energy, Samsung, Kokam, SK Innovation, BYD Company, Tesla, Johnson Controls,
EnerDel, and LG Chem are the major manufacturers of the Li-ion battery industry [21].
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Figure 11. Li-ion battery technologies from 500 kW to 5 MW of power and 10 to 180 min of operating
duration that are in operation worldwide [20].

For our analysis, a standard 20 ft container is used with the following dimensions: L × W × H
6.058 × 2.438 × 2.591 m. Li-ion batteries used are lithium titanate (LiTiO) and lithium iron phosphate
(LiFePO4). The main characteristics of these batteries are given in Table 1.
Table 1. Parameters of Li-ion batteries.
Li-ion Battery

Volumetric Energy (kWh/m3 )

Cycle Life [22,23]

Round Trip Efﬁciency (%) [23]

Recharge Rates [24]

LiFePO4
LiTiO

211–620 [23,25]
120–620 [22,23]

1000–2000
3000–7000

92
96

2C-1C
3C-1C

The effective container volume used is estimated to determine the characteristics of these two
Li-ion batteries containers. Considering distribution [26–28] and arrangement of battery racks in a
container [29–31], a typical battery container layout is shown in Figure 12.

Figure 12. Plane view of a typical arrangement of battery racks in a 20 ft container.

Two volume factors are used to calculate the rated power and energy of Li-ion batteries inside
the 20 ft container. One factor represents the space occupied by cells in the battery rack, and the other
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factor considers the space occupied by the battery racks in the container. Since battery cells inside racks
need additional space for proper electrical and thermal installation [32], the effectively utilized rack
volume by battery cells is of 57%. The estimated effective volume occupied by battery racks varies from
30% for layouts similar to Figure 12 with two battery racks up to 52% for containers with three battery
racks [29–31]. A layout with two battery racks is used with a volume factor of 30%. Considering these
two factors and the parameters of lithium iron phosphate and lithium titanate batteries, the rated
parameters of the energy storage system in a 20 ft container, used in simulations, are shown in Table 2.
Table 2. Rated parameters of Li-ion batteries in a 20 ft container.
Li-ion Battery

Rated Power (kW)

Energy Capacity (kWh)

Total Round Trip Efﬁciency (%)

LiFePO4
LiTiO

1285
948

1285
948

90%
94%

Increase (%)

Additionally, efﬁciency losses due to the converter are considered. It is estimated that for different
topologies, converter losses vary from 0.4% up to 1.56% [33]. A conservative value of 2.0% for efﬁciency
losses is therefore used in simulations. This explains why the round trip efﬁciencies presented in
Table 2 are 2.0% lower than the ones of Table 1. Similar to the analysis in previous sections, an entire
mission is considered and a minimum load of 50% for the diesel generators is chosen.
CO2 emissions and total energy produced by the diesel generators are shown in Figure 13.
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Figure 13. Variation of CO2 emissions and total energy production using Lithium Titanate (LiTiO) and
Lithium Iron Phosphate (LiFePO4) batteries in a 20 ft container.

LiFePO4 battery presents better results compared to LiTiO battery. For the considered ship load
demand, although lithium titanate has the highest round trip efﬁciency, the lithium iron phosphate
battery with higher capacity and power presents lower CO2 emissions. All things considered,
the difference between these two batteries is relatively small; other elements should be taken into
consideration when selecting a suitable battery for a ship system. For instance, maintenance and
replacement cost may also play essential roles in the choice of a battery technology and they are out of
the scope of this article.
5. Evaluation of CO2 Emissions Reduction per Part of the Mission
In this section, an analysis is performed to evaluate the CO2 emissions reduction that can be
achieved in each part of the mission pursued by the platform supply vessel.
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Figure 4 shows the variation in power demand of each part of the mission of the PSV. This mission
load demand is designed according to [34].
Four cases are simulated considering each part of the PSV routine, separately. The ﬁrst case
considers the elements shown in black in Figure 3. These elements include 4 × 1850 kW diesel
generators, one service load, one base load, 2 × 910 kW bow thrusters, and 2 × 2 MW azimuth
thrusters. This conﬁguration is based on a real platform supply vessel [12]. It is used to measure the
difference in CO2 emissions triggered by adding components highlighted in blue and red in Figure 3.
The real conﬁguration, in black in Figure 3, is not optimal for the different missions that a standard
PSV pursues. Considering that during a 112 hours mission, the ship pursues low power demand 35%
of the time (loading in port and standby) and that the rated power of the PSV’s main diesel engines is
1850 kW, one of the generators is forced to operate with the minimum load set at 10%. This operation at
low load is not advisable [19]. Battery connection allows all diesel generators to operate with minimum
load of 50% since the excess of power generation can be used to charge the batteries. Later, the stored
energy can be used to power the ship, which allows to disconnect diesel generator for some time.
The second case considers the inclusion of batteries, shown in blue in Figure 3. The battery system
considered in this analysis has 1000 kW of rated power and 1000 kWh of energy. During the missions
that require a low level of power from generators, this battery system allows generators to operate at
higher efﬁciency points. It also permits to disconnect generators at times when the battery can run the
operation alone. Moreover, batteries can offer support of reliability for the ship power system during
DP operation.
The third case evaluates the connection of two small auxiliary diesel generators of 450 kW each,
in red in Figure 3, that will operate only during loading in port and standby. This case does not include
batteries since the focus is to analyze the potential of the small auxiliary diesel generators to reduce
CO2 emissions.
The last case appraises the reduction capacity that two auxiliary diesel generators of 450 kW each
can offer when combined with a 1000 kW/1000 kWh battery system. It comprises all the elements
shown in Figure 3.
Battery and Auxiliary Generators Conﬁgurations
Results for the three additional cases per part of the mission are shown in Figure 14.
As can be seen in Figure 14, batteries have a higher potential to reduce CO2 emissions when used
in loading in port and standby. When we compare the difference of slope in the loading in port and
standby operations, we can see that the case that considers the connection of auxiliary diesel generators
and batteries to the real PSV power system has the lowest slope, on the other hand the real PSV that
only considers the four 1850 kW diesel generators has the highest slope. Implementation of batteries
and auxiliary generators decreases CO2 emissions growth over time. However, batteries have a lower
impact on CO2 emissions during laden voyage, partial load voyage and DP operation. During loading
in port and standby, the use of the batteries allows the disconnection of generators during a period of
time. When these generators are connected they operate at a higher power than the power required by
the load in order to charge the batteries. Figure 14 also indicates that the operations that require more
power, laden voyage and partial load voyage, are also the missions that generate the largest share of
the CO2 emissions, considering the slope of both lines.
A results summary for the three cases is shown in Figure 15.
Loading in port and standby have the highest reduction in CO2 emissions compared to other parts
of the mission. However, despite the fact that the use of batteries and auxiliary generators achieves a
reduction of 34%, these two parts of the mission have overall low energy demand resulting in a low
impact on the total reduction for the whole mission (lower than 9%).
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Figure 14. Accumulated CO2 emissions for the four cases simulated in contrast to the demand curve.
The most inclined segments represent the mission parts that have the highest CO2 emissions, while the
difference between the curves at the beginning and at the end of the mission part shows the periods
that have the highest reduction of CO2 emissions. The round trip efﬁciency of the battery is kept at 92%.
In the case that includes only the diesel generators, the minimum load level of the generators is 10% for
one diesel generator and 50% for the other three diesel generators when the ship is in loading in port
and standby and 50% for all diesel generators when the ship is in laden voyage, DP operation, and
partial load voyage. In the case that includes diesel generators and batteries, the minimum load level is
50% for all generators. The case considering diesel generators and auxiliary diesel generators has a
minimum load level ﬁxed at 50% for all generators. In the case that considers the diesel generators,
batteries, and the auxiliary diesel generators, the minimum load level is also 50%.
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Figure 15. Reduction of CO2 emissions in each mission part of the ship routine. Loading in port
and standby, which are the operations with the lowest power requirements, also present the highest
reduction when the batteries and/or auxiliary generators are used. When only diesel generators are
used (base case), these mission parts are run at low efﬁciency points in the speciﬁc fuel oil consumption
curve of the 1850 kW diesel generators. The impact of the reduction in these mission on the total
reduction remains small because the sum of the CO2 emitted during loading in port and standby
represents less than 15% of the total CO2 emitted during the mission. The low reduction during laden
voyage and partial load voyage pulls the total emissions results down since these operations represents
more than 56% of the emissions in all of the cases simulated.
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Figure 15 also shows that the system using diesel + auxiliary generators has a lower reduction
of the CO2 emissions when compared to the case that comprises diesel + batteries. When auxiliary
generators and batteries are combined, they present the highest CO2 emissions reduction. However,
the reduction achieved by this combination is much lower when compared to the sum of the reductions
achieved independently by the auxiliary generators and by the batteries. The CO2 emissions reduction
achieved are: 5.7% for diesel + auxiliary generators; 7.4% for diesel + battery system; and 8.9% for a
diesel + battery + diesel aux.
For the PSV mission studied in this article, during laden voyage and partial load voyage the four
diesel generators operate close to their full rated power; hence there is no available energy to charge
batteries and generators already operate at high-efﬁciency points. This explains why the presence of
batteries does not affect CO2 emissions during laden voyage and partial load voyage (see Figure 15).
6. Conclusions, Managerial Implications and Discussion
We investigated several CO2 emissions mitigation strategies in a platform supply vessel.
We simulated several architectures of the power system including batteries and auxiliary generators.
In addition, we performed sensitivity analysis considering several battery parameters: battery power
ranging from 200 kW to 2000 kW, battery capacity ranging from 200 kWh to 2000 kWh, and
round trip efﬁciency (70% to 96%). We also considered the use of two Li-ion technologies: LiTiO
and LiFePO4. Additional analyses for the different parts of the mission (e.g., loading-in-port,
DP operation, etc) were performed to evaluate CO2 emissions with batteries and auxiliary generators
on every segment separately.
Batteries can reduce CO2 emissions by enabling a more efﬁcient use of diesel generators. Indeed,
diesel generators can charge batteries at times of low demand (where generators had to operate at
lower power low-efﬁciency points) allowing generators to operate at higher power high-efﬁciency
points. Although the total energy generated by diesel generators is higher using batteries compared to
a system with no batteries, energy storage elements allow generators to operate at higher efﬁciency
points, reducing fuel consumption and therefore CO2 emissions. Later, this stored energy is released
allowing the disconnection of generators.
Sensitivity analysis show the impact on CO2 emissions of different characteristics such as battery
round trip efﬁciency, minimum generators load, rated battery power, and rated battery capacity.
Our simulations indicate that round trip efﬁciency has a direct impact on CO2 emissions. The analyses
on generators minimum load level do not show a high impact on generated energy and reduction
of CO2 emissions, although at lower load levels it is more likely that generators operate at lower
efﬁciency points.
Evaluating impact of maximum battery C-rate shows that for 0.2 and 0.4 C-rate there is a small
reduction of CO2 emissions (lower than 2%). However, for C-rates higher than 0.6, CO2 emissions
reduction is higher than 5%. For C-rates higher than 1.4, CO2 emissions reduction begins to stabilize
around 9%. Low rated power batteries have a lower number of total cycles during the mission since
they take more time to complete a full charge discharge cycle. The total number of cycles per mission
varies from 15 to 55 approximately.
Energy capacity variation shows increments of CO2 reduction at higher available discharge times.
However for discharge times higher than 60 min, CO2 emissions variation remains lower than 1%.
At this energy capacity level, the rated power of the battery restricts the amount of energy that can be
dispatched by the energy storage system during each cycle. The total number of cycles per mission
varies from 22 to 75 approximately, not taking into account the 200 kWh battery that does not have a
signiﬁcant number of equivalent cycles.
Two Li-ion technologies were studied and simulated. Lithium iron phosphate and lithium titanate
batteries were used as if they were installed in a 20 ft container. Although both batteries present
reduction of CO2 emissions compared to the base case, lithium iron phosphate battery (1289 kW-kWh)
has higher CO2 emissions reduction compared to its lithium titanate counterpart (948 kW-kWh).
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Overall, Li-ion batteries present beneﬁts for all of the studied cases and represent a viable solution to
reduce CO2 emissions in ship power systems.
During parts of the mission of low demand such as loading-in-port and standby, conﬁgurations
using batteries and auxiliary generators present a reduction of CO2 emissions ranging from 34.6%
to 47%. However, since these two part of the mission have lower energy consumption compared to
other parts of the mission, the total CO2 emissions reduction varies from 5.7% to 8.9%. The use of
auxiliary generators increases the reduction of CO2 emissions, allowing the disconnection of the main
generators during times of low load. However, when auxiliary generators and batteries are combined,
their impacts on CO2 emissions do not add up linearly.
The results provided in this study have signiﬁcant managerial implications for both companies
operating ships and ship building companies. This article shows that the use of batteries and/or
auxiliary generators reduces fuel consumption, equipment renewal and CO2 emissions. Moreover,
auxiliary generators and batteries can be easily integrated into current ship power systems, notably
since batteries can be installed in 20 ft containers.
The reduction of fuel consumption and equipment renewal allows to lower ship operational
cost. In addition, low levels of CO2 emissions is now a requirement in many ports. Therefore hybrid
power systems, including batteries and auxiliary generators, may allow companies operating ships to
increase their revenue. It may also give them the opportunity to enter more ports and extend their
operations. As a result, the demand for ships powered by hybrid systems may increase. Ship building
companies may therefore be interested in retroﬁtting existing ships by integrating batteries and/or
auxiliary generators in their power system or in building new ships with hybrid power systems. To this
end, this article highlights the inﬂuence of key design parameters of hybrid power systems on fuel
consumption.
Future work could consider different load mission proﬁles, diesel generators efﬁciencies, and
operating times for batteries, allowing shorter charge-discharge time while operating generators
during longer times to avoid frequent connections and disconnections. All these elements align toward
our mutual goal to reduce global CO2 emissions.
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The following abbreviations are used in this manuscript:
CDM
CER
IET

Clean Development Mechanism
Certiﬁed Emission Reduction
International Emission Trading
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GHG
HOMER
ERU
IPCC
DP
PSV
SoC
LiTiO
LiFePO4

Greenhouse Gas
Hybrid Optimization Model for Multiple Energy Resources
Emission Reduction Unit
International Panel on Climate Change
Dynamically Positioned
Platform Supply Vessel
State of Charge
Lithium Titanate
Lithium Iron Phosphate
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Abstract: Sustainable development is part and parcel of development policy for Thailand, in order
to promote growth along with economic growth, social advancement, and environmental security.
Thailand has, therefore, established a national target to reduce CO2 emissions below 20.8%, or not
exceeding 115 Mt CO2 Equivalent (Eq.) by 2029 within industries so as to achieve the country’s
sustainable development target. Hence, it is necessary to have a certain measure to promote effective
policies; in this case, a forecast of future CO2 emissions in both the short and long run is used to
optimize the forecasted result and to formulate correct and effective policies. The main purpose
of this study is to develop a forecasting model, the so-called VARIMAX-ECM model, to forecast
CO2 emissions in Thailand, by deploying an analysis of the co-integration and error correction
model. The VARIMAX-ECM model is adapted from the vector autoregressive model, incorporating
inﬂuential variables in both short- and long-term relationships so as to produce the best model for
better prediction performance. With this model, we attempt to ﬁll the gaps of other existing models.
In the model, only causal and inﬂuential factors are selected to establish the model. In addition,
the factors must only be stationary at the ﬁrst difference, while unnecessary variables will be discarded.
This VARIMAX-ECM model ﬁlls the existing gap by deploying an analysis of a co-integration
and error correction model in order to determine the efﬁciency of the model, and that creates an
efﬁciency and effectiveness in prediction. This study ﬁnds that both short- and long-term causal
factors affecting CO2 emissions include per capita GDP, urbanization rate, industrial structure,
and net exports. These variables can be employed to formulate the VARIMAX-ECM model through a
performance test based on the mean absolute percentage error (MAPE) value. This illustrates that the
VARIMAX-ECM model is one of the best models suitable for the future forecasting of CO2 emissions.
With the VARIMAX-ECM model employed to forecast CO2 emissions for the period of 2018 to 2029,
the results show that CO2 emissions continue to increase steadily by 14.68%, or 289.58 Mt CO2
Eq. by 2029, which is not in line with Thailand’s reduction policy. The MAPE is valued at 1.1%
compared to the other old models. This ﬁnding indicates that the future sustainable development
policy must devote attention to the real causal factors and ignore unnecessary factors that have no
relationships to, or inﬂuences on, the policy. Thus, we can determine the right direction for better
and effective development.
Keywords: causal factors; CO2 emissions forecasting; VARIMAX-ECM model; sustainable
development; economic growth; population growth
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1. Introduction
Thailand is currently in the midst of accelerating economic growth in order to develop the
country. Along the way, it has found that the current GDP (gross domestic product) has increased as a
result of the promotion and expansion of various areas, such as the support of export activities,
a continual increase of private consumption, a rise in government spending, an acceleration of
foreign investment, and the promotion of industrialization and urbanization. Throughout these
enforcements, the environment is being affected as the amount of CO2 emissions from the country’s
energy consumption rose by 1.3% in 2016. CO2 emissions have been seen to increase in almost all
economic sectors, including industrial, transportation, and other economic sectors. Concerning CO2
emissions per unit of electricity production (kWh) and per GDP in the sectors, they continue to increase
beyond the global average. Among the different economic sectors, CO2 emissions in the industrial
sectors are at the highest rate, equivalent to 27%, while their growth rate is at 4.3%. During the year of
2017, compared to 2016, the petroleum sector contributed the highest CO2 emissions [1].
Thailand produces total CO2 emissions of 69.9 Mt CO2 Eq. under the industrial sectors, with a
growth rate (2017/2016) of 4.3% due to economic growth. Moreover, CO2 is emitted by the energy
sector at 88.7% with a 10.3% growth rate (2017/2016). This reﬂects that this sector produces the highest
amount of greenhouse gas. Generally, it releases up to 90% of carbon dioxide and 75% of other
greenhouse gases out of the total greenhouse gases [1,2].
Sustainable development is the national roadmap that Thailand aims to follow. It aims to boost
the economy, along with social improvement, while the environment is simultaneously enhanced.
The above roadmap has to be given full attention and carefully implemented. This is because economic
and social growth are likely to negatively affect the environment. Nevertheless, the vital action of
creating efﬁciency in planning and sustainability in implementation is to analyze the relationship of
various variables which can inﬂuence, and have an impact on, policy-making. Thus, the analysis
outcome can provide future predictions so as to facilitate in both short- and long-term policy-making
and action planning.
Energy consumption evolves around producing more and more CO2 that is emitted into the air,
causing natural damage and climate change. Thus, forecasting future energy consumption is becoming
an important task, as it represents another way to determine what actions need to be taken in order to
minimize CO2 emissions and achieve the national reduction goal. By reviewing various studies across
the region, it is evident that CO2 emissions are associated with various forces, and energy consumption
is an integral part of the emission level. Therefore, a forecasting strategy would be instrumental for the
energy consumption industry.
Many studies have attempted to generate different approaches and applications to support energy
consumption, production, and optimization. For example, the studies of Ren et al. [3], Xu et al. [4],
Jeong and Kim [5], González et al. [6,7], Xu et al. [8], Wang et al. [9], Tian et al. [10], and Lin and
Long [11] focused on the attributes or characteristics of energy consumption by using an analysis
of logarithmic mean Divisia index (LMDI) factor decomposition. Among them, Wang et al. [9] also
proposed a new method of LMDI, and this method was structured based on ﬁve perspectives of
effect: labor, economic structure, investment, energy mix, and energy intensity. This study was
conducted in China’s energy consumption sector, and its result showed that the energy intensity
does help to decrease energy consumption. As the energy intensity plays an important role in energy
consumption, Baležentis et al. [12] started exploring the energy intensity trends in the Lithuanian
economy under different economic sectors from 1995 to 2009, and their study reported that energy
efﬁciency increased when the economy exhibited a downward trend. Therefore, certain measures
should be issued as policies in order to enhance the energy intensity in Lithuania, as suggested by
the study. González et al. [6] explored the underlying factors causing changes in aggregate energy
consumption by using LMDI, and their study showed that the enhancement in energy efﬁciency
was not sufﬁcient to lower the economic pressure of European activity with regard to aggregate
energy consumption. In recent years, many countries have put forth efforts to increase production,
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which requires a higher energy consumption, so as to boost their economic growth. However, a study
by Mulugeta et al. [13] showed that energy consumption is an important driving force towards growth
in the economy, which they investigated by forming an economic growth hypothesis. For a particular
country, such as Saudi Arabia, Alkhathlan and Javid [14] investigated the relationship between
economic growth, energy consumption, and CO2 emissions, and they found that the rise of CO2
emissions was inﬂuenced by the increment of income per capita. On the other hand, Khan et al. [15]
analyzed the relationship of studied variables for the period of 1975 to 2011, and they witnessed that
energy consumption had a signiﬁcant impact on the CO2 emissions in Pakistan in particular.
Other studies, such as that of Arouri et al. [16], studied the relationship between the real GDP,
CO2 emissions, and energy consumption in 12 selected Middle East and North African countries
(MENA) using a bootstrap panel method. They found clear evidence that CO2 emissions are
signiﬁcantly affected by energy consumption. Additionally, Acaravci and Ozturk [17] initiated a
study of the causality between various factors, including energy use, economic growth, and CO2
emissions, with a sample size of 19 European countries. By using a technique of autoregressive
distributed lag (ARDL) and the error-correction Granger causality test, they were able to ﬁnd only the
long-run relationship between those factors in certain countries, such as Iceland, Switzerland, Denmark,
Portugal, Germany, Greece, and Italy. In addition, Menyah and Wolde-Rufael [18] conducted a similar
study on the causality between energy consumption, pollutant emissions, and economic growth in
South Africa with the same approach of ARDL. As of the result, a long-run relationship between
the variables was revealed. Ohlan [19] performed an analysis of the impact of energy consumption,
population density, trade openness, and economic growth on the emissions of CO2 in India for
the period of 1970–2013. For this analysis, the researcher employed the ARDL approach, and its
result showed that those three studied factors had a great positive inﬂuence on CO2 emissions in
both the short and long term. With the same method of analysis, the ARDL method, Sulaiman
and Abdul-Rahim [20] conducted an investigation of a three-way linkage relationship between
economic growth, CO2 emissions, and energy consumption in Malaysia during the period of 1975–2015.
The examination’s result revealed that the rise of both factors; energy consumption and economic
growth, do contribute to the rise of CO2 emissions.
In order to determine other evidence of association with CO2 emissions, Akpan and Akpan [21]
found in their study conducted in Nigeria that economic growth improves when carbon emissions are
rising, and this rise of CO2 emissions is positively associated with electricity consumption. In the same
area of study with the application of the Toda and Yamamoto causality test, Sulaiman [22] claimed that
CO2 emissions do support economic growth, while energy consumption contributes to the increase
of CO2 emissions. However, Manu and Sulaiman [23] adapted the simple ordinary least squares
(OLS) approach to examine the relationship between economic growth, energy consumption, and CO2
emissions in Malaysia. This study covered the period of 1965–2015, and found that CO2 emissions are
reduced when the income is raised. In the meantime, it increases when the trade openness increases.
In addition to those factor relation studies, it is necessary to mention the grey system and
autoregressive integrated moving average by Lotfalipour, Falahi, and Bastam [24]. They optimized the
above model to predict CO2 emissions in Iran. Their ﬁndings showed that the models could produce
a more accurate result than any other method, and estimated up to 925.68 million tons of carbon
dioxide emissions by 2020, equivalent to 66% growth compared to 2010. Liang [25] discussed China’s
multi-region energy consumption and CO2 emissions under an input-output model. Additionally,
his ﬁndings were portrayed through a scenario analysis for 2010 and 2020. For a shorter-term
forecasting coverage, Li [26] evaluated the CO2 emissions reduction under different scenarios for the
years of 2016 and 2020 in Beijing. He applied a back propagation (BP) neural network optimized by
the improved particle swarm optimization algorithm. However, his investigation showed that the
model was not effective enough to provide high precision. Meanwhile, Zhao, Huang, and Yan [27]
forecasted CO2 emissions in China from 2017 to 2020 with the deployment of some selected models:
the single LSSVM model, the LSSVM model enhanced by the particle swarm optimization algorithm
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(PSO-LSSVM), and the back propagation (BP) neural network model. The above prediction veriﬁed
that structural factors will have a signiﬁcant impact on CO2 emissions by 2020. Potentially, this allows
China to keep its promise to reduce greenhouse gas emissions by 2030. Consequently, Dai, Niu,
and Han [28] proposed to adapt the MSFLA-LSSVM model in CO2 emissions prediction in China from
2018 to 2025. They concluded that China’s CO2 emissions would exhibit a slow growth trend for the
next few years. With this in mind, China’s CO2 emissions could be effectively controlled in the future,
which could start to reduce the greenhouse effect. In another approach, Lin et al. [29] incorporated
the grey forecasting model to estimate CO2 emissions from 2010 to 2012 in Taiwan. According to the
forecasting results, they found that the CO2 emissions of Taiwan would decline for the next three years.
The Government of Thailand aims to establish a future reduction goal for CO2 emissions, whereby
Thailand should reduce emissions below 20.8% or not exceed 115 Mt CO2 Eq. by 2029. However,
over the years, CO2 emissions produced from energy consumption have been continuously increasing.
Industrial sectors, in particular, have the highest increase of up to 27%, while the growth rate is
increasing continuously every year. Also, it is observed that the petroleum sector is the major
contributor and is emitting the most CO2 . This is seen to contradict Thai government policy and
planning, and the CO2 emissions reductions are not improving [2]. Hence, the author sees this as
an issue that needs to be tackled, and this study has, therefore, been carried out. The study focuses
on the policy framework, which reﬂects the fact that Thailand still lacks a forecasting model which
can produce good results and make effective predictions in both the short- and long-term. As for the
existing forecasting models used in Thailand’s policy formulation, they are models without proper
processing and with ineffective research. In addition, most of the models are too common, such as
multiples regression, the ARMA model, and many more. As a result, the previous predictions have
become spurious and erroneous. In the same model forecasts, the causal factors that actually affect the
CO2 emissions have not been analyzed or taken into account.
Based on a review of previous studies, many studies share similarities in metrology, research
methodologies, and various analytical outcomes. In this study, unlike any other studies, a new research
focus is introduced, which constitutes an investigation of the relationship of causal factors of various
variables. The analytical outcome is later driven into further forecasting for both short- and long-term
use. In fact, this research is designed to support sustainable development policy-making, create
analysis guidelines, as well as to open new areas for those interested in exploring and expanding
sustainable development in the future; be it Thailand or any other country. This research provides
guidance in the process of establishing the country’s sustainable development policy as it allows
the determination of effective management and working processes. The research’s guideline ﬂow is
as follows.
(1)

(2)
(3)

(4)

Analyze the causal variables that can inﬂuence the change of CO2 emissions with the Augment
Dickey Fuller theory [30] only at the same level. This analysis is within the framework of
sustainable development, using data from 1990 to 2017. Moreover, only crucial and inﬂuential
variables are used in the forecasting model.
Place the stationary causal variables at the same level in the analysis of long-term relationship
based on the Johansen Juselius concept [31].
Create a forecasting model by adapting the advance statistics of the so-called vector autoregressive
model, with full consideration of the relationship of all causal variables, both in terms of the
error correction model and co-integration, consisting of signiﬁcant causal variables towards
the change of CO2 emissions. Additionally, a forecasting pattern for both the short- and longterm must be taken into account so as to produce the best and most effective model with the
least errors. The average relative errors between the simulation and actual data are measured
through an output comparison of relevant models, namely the ARMA model, ARIMA model,
and GM-ARIMA model.
Forecast CO2 emissions from the VARIMAX-ECM model for the period of 2018 to 2029, totaling
12 years, with certain selected causal factors. Discard unnecessary variables.
143

Energies 2018, 11, 1704

The ﬂowchart of the VARIMAX-ECM model is shown in Figure 1.

Figure 1. The ﬂowchart of the VARIMAX-ECM model.

The main structures of this article ﬂow as follows: the second section introduces the forecasting
model of VARIMAX-ECM. The third section carries out the empirical analysis to prove the practicality
and validity of the proposed model for CO2 emissions forecasting, and to predict the CO2 emissions in
Thailand’s industrial sector from 2018 to 2029. The fourth section summarizes the discussion.
2. The Forecasting Model
2.1. Unit Root Test
We analyze the data for the stationary process by testing the unit root according to the Augment
Dickey Fuller concept [30].
Stationary Process
The stationary, or stationary stochastic, process [32,33] is the series of time data with the mean or
expected value, variance, constant overtime, and covariance. The expected value and constant variance
in the context of εt lacks the property of being white noise, meaning that it has the autocorrelation
property where the correlations are high or the order of the autoregressive process is higher. Hence,
a test like the Augmented Dickey Fuller test (ADF) is required. The lagged variables are added into the
equation in the higher level to eliminate the autocorrelation, heteroskedasticity, and multicollinearity,
as shown below:
ΔYt = δ1 Yt +

p

∑ βi ΔYt−i+1 + εt

i=2
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ΔYt = α1 + δYt−1 +

p

∑ βi ΔYt−i+1 + εt

(2)

i=2

ΔYt = α1 + α2 T + δYt−1 +

p

∑ βi ΔYt−i+1 + εt

(3)

i=2

From the equations above, the value of p seems to be the lagged values of ﬁrst difference to
the variable, which is veriﬁed by testing the unit root with the Augmented Dickey Fuller method.
With the above equation, three problems are considered and taken into account. In particular, the
autocorrelation in εt is set to have the property of white noise, and the error term has the mean of 0
and is constant under the following hypotheses:
Hypotheses 1 (H0 ). δ = 0, non-stationary;
Hypotheses 2 (H1 ). δ < 0, stationary.
If tau-statistics of the efficiency δ are in the form of the absolute term, there must be more critical
values appearing in the ADF table. This denies the major hypothesis, meaning that the time series of the
variables are stationary. Thus, it can be said that ΔYt integrated numbered is represented by ΔYt ~I(d).
2.2. VARIMAX-ECM Model
The VARIMAX-ECM model is a new model adapted from the vector autoregressive model,
incorporating inﬂuential variables in both short-term and long-term relationships so as to produce the
best prediction model with the maximum performance and least error.
2.2.1. VARIMAX-ECM and Co-Integrating Vector
In this section, we consider the segment of the deterministic component in a time series of the
VAR model [34]. In order to simplify the concept for a better understanding, we consider the VAR
model as follows:
Xt = A1 Xt−1 + μ0 + μ1 t + ut
(4)
where μ0 is the vector of the parameter representing a constant value in the VAR(p) model, μ1 is the
vector of the parameter indicating a deﬁned trend in the VAR(p) model, and vectors μ0 and μ1 are
shown below:
⎡
⎤
⎡
⎤
μ11
μ01
⎢
⎥
⎢
⎥
⎢ μ02 ⎥
⎢ μ12 ⎥
⎥
⎢
⎥
;
μ
=
μ0 = ⎢
1
⎢ .. ⎥
⎢ .. ⎥
⎣ . ⎦
⎣ . ⎦
μ0n nx1
μ1n nx1
When vectors μ0 and μ1 are not zero, Equation (4) reﬂects that at least one time series in the
VAR (1) model must be a deterministic component, in which it can either be a constant or a deﬁned
trend, or both forms. The above VAR(p) model can be converted into the VARIMAX-ECM model as
shown below:
(5)
ΔXt = αβ Xt−1 + μ0 + μ1 t + ut
From the above equation, it can be observed that vectors μ0 and μ1 exist in both the VAR and
VARIMAX–ECM models, and that both ΔXt and β Xt−1 have to be stationary in the deterministic area.
However, to observe a deviation out of the long-term co-integration of j (j = 1, 2, . . . , r) denoted
as vector β Xt−1 , the mean of the above deviation must be zero. In order to obtain such a result,
the deterministic component must be eliminated from the deviation out of long-term balance (β Xt−1 )
by separating vectors μ0 and μ1 in the VARIMAX-ECM model, as illustrated in Equation (6), and by
combining them into β Xt−1 as explained below.

145

Energies 2018, 11, 1704

Vector μ0 and vector μ1 can be separated into the sum of the two vectors by using the
following equation:
−1

α ( β  α ) −1 β + β⊥ ( α  ⊥ β⊥

α ⊥ = I

(6)

where β⊥ and α⊥ are the orthogonal matrices with β and α, respectively. Here, it is seen that β β⊥ = 0
and α α⊥ = 0.
When we multiply vector μ0 with Equation (6), the result is obtained from:
−1

α(β  α)−1 β μ0 + β⊥ (α  ⊥ β⊥
If given:

α ⊥ μ0 = μ0

β0 = (β  α)−1 β μ0
γ0 = β ⊥ ( α  ⊥ β ⊥

−1

(7)

(8)

α ⊥ μ0

(9)

We substitute Equations (8) and (9) into Equation (7), we obtain:
μ0 = αβ0 + γ0

(10)

At the same time, if we use vector μ1 to multiply with Equation (6), obtaining:
μ1 = αβ1 + γ1

(11)

−1

where β1 = (β  α)−1 β μ1 and γ1 = β⊥ (α  ⊥ β⊥
α1 μ1 .
If we substitute Equations (10) and (11) into Equation (5), we obtain:
ΔXt = αβ Xt−1 + αβ0 + αβ1 t + γ0 + γ1 t + μt

(12)

Equation (12) can be restructured as follows:
ΔXt = α(β  Xt−1 + β0 + β1 t) + γ0 + γ1 t + μt

(13)

where ΔXt is the n × 1 vector, Xt is the n × 1 vector, α is the n × r matrix, and β is the n × r matrix. β0
is the r × 1 matrix, β1 is the r × 1 matrix, γ0 is the n × 1 matrix, γ1 is the n × 1 matrix, and μt is the
n × 1 matrix. n is the number of time series in vector Xt .
Equation (13) shows that if vector Xt determines (μ 0 + μ1 t), there is a possibility that
the VARIMAX-ECM model determines (γ 0 + γ1 t) and the long-term co-integration determines
(β 0 + β1 t). In addition, Equation (13) can be rewritten as:


ΔXt = α β



 =
Let β



β

β0

β0

β1

⎡


r×(n+2)



 t−1 = Xt−1
β1 , X

⎢
⎣

⎤
Xt − 1
⎥
1 ⎦
t

1 t



+ γ0 + γ1 t + μt

(14)

(n+2)×1

, and we can then structure another equation as:

 t − 1 + γ 0 + γ 1 t + ut
X
ΔXt = αβ

(15)

The above equation contains the following characteristics:


 t−1
 X
E(ΔX t ) = γ0 + γ1 t; E β
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= 0

(16)
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Moreover, Equation (15) explains the connection between the deterministic area of the
VARIMAX-ECM model and the long-term co-integrating vector, which can be classiﬁed into
ﬁve situations.
Situation 1: If γ0 = γ1 = β0 or (μ0 = μ1 = 0) for both the VARIMAX-ECM model and the
long-term co-integrating vector (deviation out of long-term balance), they are not deterministic or
 t−1 = 0. Therefore, the VARIMAX-ECM model in this
can be expressed as E(ΔX ) = 0 and E(β  X
t

position is:

ΔXt = αβ Xt−1 + ut

(17)

The case of μ0 = μ1 = 0 indicates a time series in vector Xt and is not deterministic (it is not
constant nor a deﬁned trend) in the equation.
Situation 2: If γ0 = 0, γ1 = β1 = 0 (or μ1 = 0) but β0 = 0, then the vector of the long-term
co-integration reﬂects a constant value (β0 = 0) or can be written as E(β  Xt−1 ) = β0 . Meanwhile,
the VARIMAX-ECM model is not deterministic at all, or can be written as E(ΔX t ) = 0. In order to
remove the constant value out of the long-term co-integration, the VARIMAX-ECM model must be in
the form of:
 t−1 + ut
X
(ΔXt ) = αβ
(18)





 t−1 =
 t−1 ) = 0.
X
 =
where β
β β0 and X
Xt−1 1 . Thus, we can retrieve E(β
The case of μ1 = 0 and γ0 = 0, but β0 = 0, indicates at least one time series in vector Xt and is
constant (but it is not a deﬁned trend) in the equation.
Situation 3: If γ1 = β1 = 0 (or μ1 = 0) but γ0 = 0 and β0 = 0, the vector of the long-term
co-integration is not a deﬁned trend but is constant (β0 = 0), or can be written as E(β  Xt−1 ) = β0 .
If the VARIMAX-ECM model is found to be constant, γ0 = 0, or can be written as E(ΔX t ) = γ0 ,
and the above ﬁxed value in the long-term co-integrating vector can be removed by using the long-term
 t−1 in the VARIMAX-ECM model, as illustrated below:
X
co-integration β


 t − 1 + γ 0 + ut
X
ΔXt = αβ




(19)





 t−1 =
 =
where β
β β0 and X
Xt − 1 1 .
The case of μ1 = 0, but γ0 = 0 and β0 = 0 indicates that at least one time series is a deﬁned trend.
Situation 4: If γ1 = 0, but γ0 = 0, β0 = 0 (or μ0 = 0), and β0 = 0, the long-term
co-integration β Xt−1 cannot eliminate the constant value and deﬁned trend, and it can be rewritten
as E(β  Xt−1 ) = β0 + β1 t. This can be described in such a way that the long-term co-integration is a
stationary trend, while the VARIMAX-ECM model is found to have a ﬁxed value of γ0 = 0 or can be
written as E(ΔX t ) = γ0 . The ﬁxed value and deﬁned trend that exist in the long-term co-integrating
 t−1 long-term co-integration in the VARIMAX-ECM model
X
vector could be removed by using a β
as follows:

 t−1 + γ0 + ut
X
(20)
ΔXt = αβ
⎡
⎤
Xt−1




⎥
 t−1 = ⎢
 =
where β
β β0 β1 and X
⎣ 1 ⎦ , which can also be written as Xt−1 1 t .
t
The case of μ1 = 0 and γ1 = 0 but β1 = 0 demonstrates that at least one time series in vector Xt
has to be constant and a deﬁned linear trend, but it is not a quadratic trend.
Situation 5: If γ1 = 0, γ0 = 0, β0 = 0, and β0 = 0, this shows that the long-term co-integration
has to be a stationary trend (β 0 + β1 t), while the VARIMAX-ECM model has to be constant and
deﬁned trend (γ 0 + γ1 t) which can be written as below:


 t−1 + γ0 + γ1 t + ut
X
ΔXt = αβ
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 =
where β



β

β0

β1



 t−1 =
and X


Xt−1

1

t



. The case of μ0 = 0 and μ1 = 0 occurs

when at least one time series in vector Xt has to be deﬁned by a quadratic trend (μ 0 + μ1 t + μ2 t2 .
2.2.2. An Estimation of the Co-Integrating Vector with the Use of Various Equations [33]
Consider the VARIMAX-ECM model as follows [35]:


 t−1 +Γ1 ΔXt−1 +Γ2 ΔXt−2 + . . . +Γp−1 ΔXt−(p−1) +ϕDt +ut
X
ΔXt = αβ


 =
where β



 t−1 =
vector, X

β

β


β0

β1

Xt−1

1

(22)



is the r × (n + 2) matrix, β is the n × r matrix, β0 and β1 are the r × 1

is the (n + 2) × 1 vector, α is the n × r matrix, and rank (α) = rank
t

= r. Additionally, Dt is the matrix indicating a deterministic component.
 can be achieved with
The estimation of the parameter of the long-term co-integrating vector β

the application of maximum likelihood by assuming vector ut ≈ Normal (0, ∑) 0 is zero, and ∑ is
 n×r with this method
the variant matrix of ut . Johansen (1995) proved that the estimation of vector β
would result in an eigenvector in accordance with the eigenvalue from the minimum to maximum
value. This is achieved using the equation below:




−1
S01  = 0
λS11 − S10 S00

(23)

Sij = T1 Rit Rjt , i = 0, 1, and j = 0, 1; where T is the number of data used in the VARIMAX-ECM
model. R0t is the n × T matrix of the residual retrieved from a regression equation with a variable of
ΔXt , and the independent variable is ΔXt−1 , ΔXt−2 , . . . , ΔXt−p+1 , Dt . R1t is the (n + 2) × T matrix of
 t−1 , and the independent variable
the residual retrieved from a regression equation with a variable of X
is ΔXt−1 , ΔXt−2 , . . . , ΔXt−p+1 , Dt .
If λ̂i (i = 1, 2, . . . , n)11 is the eigenvalue computed from Equation (24) where 1 > λ̂1 > λ̂2
> . . . > λ̂n ≥ 0 , let theeigenvector consistant with the eigenvalue λ̂1 , λ̂2 , . . . , λ̂n be written as

V̂ =

V̂1

V̂2

...

vector as follows:

V̂n

(n+2)×(n+2)

V̂ =

. Therefore, we can obtain the estimator of the co-integrating



V̂1

V̂2

...

V̂r

(n+2)×r

(24)

Commonly, there are two popular patterns of forming primary and secondary assumptions
pertaining to the number of the long-term co-integration.
Pattern 1: H0 is the maximal number of vectors indicating the long-term co-integration equivalent
to r. H1 is the number of vectors indicating the long-term co-integration greater than r.
In the above, r = 0, 1, 2, . . . , n − 1, and the statistical value to testify the above assumption
is trace statistic λtrace , which can be computed using the equation below:
λtrace (r) = −T

n

∑

i=r+1

(1 − λ̂i )

(25)

Pattern 2: H0 is the maximal number of vectors indicating the long-term co-integration equivalent
to r. H1 is the number of vectors indicating the long-term co-integration equivalent to r + 1.
In the above, r = 0, 1, 2, . . . , n − 1, and the statistical value to testify the above assumption
is maximum eigenvalue λtrace , which can be computed using the equation below:
λmax (r, r + 1) = −T 1 − λ̂r+1
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⎧


⎪
⎪
⎨ I+ Π+ Γ
Âi =
Γ i − Γ i−1
⎪
⎪

⎩
− Γ p−1

,i = 1
, 2 ≤ i ≤ −1
,i = p

(27)

After that, we use the VARIMAX-ECM forecasting model of the time series in vector Xt by using
the same concept, which is the forecasting of the minimum mean square error. Hence, the forecast of
1, 2, . . . , h pre-timing of the time series in the vector Xt can be illustrated as:
X̂T+1 = Â1 XT +Â2 XT −1 +Âp XT − p+1

(28)

X̂T+2 = Â1 XT+1 +Â2 XT −1 +Âp XT − p+2

(29)

X̂T+h = Â1 XT +h−1 +Â2 XT +h−2 + . . . + Âp XT − p+h

(30)

where X̂T+j = Â1 XT+j if j < 0.
2.2.3. Measurement of the Forecasting Performance
In order to evaluate the forecasting effect of each model, we employ the mean absolute percentage
error (MAPE) to compare the forecasting accuracy of each model. The calculated equations are shown
as follows:


1 n  ŷ − yi 
(31)
MAPE = ∑  i
n i=1
yi 
3. Empirical Analysis
3.1. Screening of Inﬂuencing Factors for Model Input
In this paper, we tested the causal factors in the context of Thailand’s sustainable development
policy. Here, we deploy the time series data of the period of 1990–2017. The tested factors consist of
seven variables, namely CO2 emission ( ln(CO 2 )), population growth (ln(Population)), per capita GDP
(ln(GDP)), urbanization rate (ln(UR)), industrial structure (ln(IS)), total coal consumption (ln(CC)),
and total exports and imports (ln(X − E)). The test was conducted based on the Augment Dickey
Fuller theory at Level I (0) and Fist Difference I (1), as illustrated in Table 1.
Table 1. Unit root test at Level I (0) and First Difference I (1).

ADF Test at Level I (0)
ln(CO 2 )
ln(Population)
ln(GDP)
ln(UR)
ln(IS)
ln(CC)
ln(X − E)

−3.41
−2.05
−3.81
−3.25
−3.72
−2.45
−3.64

ADF Test at First Difference I (1)
Δ ln(CO 2 )
Δ ln(Population)
Δ ln(GDP)
Δ ln(UR)
Δ ln(IS)
Δ ln(CC)
Δ ln(X − E)

−4.90
−3.02
−5.69
−4.71
−4.65
−3.01
−4.64

MacKinnon Critical Value
1%

5%

10%

−4.12
−4.12
−4.12
−4.12
−4.12
−4.12
−4.12

−3.27
−3.27
−3.27
−3.27
−3.27
−3.27
−3.27

−3.05
−3.05
−3.05
−3.05
−3.05
−3.05
−3.05

Note: ln(CO 2 ) is the natural logarithm of CO2 emissions; ln(Population) is the natural logarithm of population
growth; ln(GDP) is the natural logarithm of per capita GDP; ln(UR) is the natural logarithm of urbanization rate;
ln(IS) is the natural logarithm of industrial structure; ln(CC) is the natural logarithm of total coal consumption;
ln(X − E) is the natural logarithm of total exports and imports, and Δ is the ﬁrst difference.

Table 1 shows that all variables under the unit root test are non-stationary at Level I (0), and this
explains the non-signiﬁcance at 5% and 1%. Therefore, the First Difference I (1) is required to carry
on. The ﬁnding here indicates that when the variables are tested through the unit root test at Level I
(1) with a signiﬁcance level of 5% and 1%, or stationary identiﬁcation, the variables appear to be CO2
emissions, per capita GDP, urbanization rate, industrial structure, and total exports and imports. Thus,
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these variables are carried forward for a co-integration analysis. The other two variables, population
growth and total coal consumption, are non-stationary at Level I (1). Therefore, the researcher tests the
two variables in pairs with other variables. The outcome shows that the variables do not represent any
correlation to the changes in CO2 emissions at signiﬁcance levels of 5% and 1%. Accordingly, the two
variables are dropped out of the model. Meanwhile, those stationary variables at the First Difference
are brought forth to investigate the long-term relationship (co-integration) as demonstrated in Table 2.
3.2. Analysis of Co-Integration
Table 2 shows that all variables have a long-term relationship (co-integration), because the results
of the trace test are 210.25 and 70.55, which are higher than the critical values at signiﬁcance levels of 1%
and 5%. The maximum eigenvalue test results are 130.55 and 75.46, which are higher than the critical
values at the same signiﬁcance levels. Consequently, those variables are used to form a forecasting
model by adapting the ARIMAX-ECM model and applying short- and long-term relationships into the
model. For a better understanding, the model is presented in the form of a regression line, so as to
show the inﬂuence of variables as seen in Table 3.
Table 2. Co-integration test by Johansen Juselius.

Variables
Δ ln(CO 2 ),
Δ ln(GDP),
Δ ln(UR),
Δ ln(IS),
Δ ln(X − E)

Hypothesized
No of CE(S)

Trace
Statistic Test

None **

210.25

At Most 1 **

70.55

MacKinnon
Critical Value
1%

5%

Max-Eigen
Statistic Test

19.75

15.41

5.75

3.16

MacKinnon
Critical Value

Status

1%

5%

130.55

15.68

14.07

I (1)

75.46

5.75

3.16

I (1)

** denotes signiﬁcance α = 0.01.

3.3. Formation of Analysis Modeling with the VARIMAX-ECM Model
Table 3 illustrates the parameters of the VARIMAX-ECM Model at a statistically signiﬁcant level
of 1% and 5%. The ﬁndings show that per capita GDP (ln(GDP)) causes a change in CO2 emissions
( ln(CO 2 )), which covers both short- and long-terms at a statistically signiﬁcant level of 1%. At the
same signiﬁcant level and effect coverage, the urbanization rate (ln(UR)), total coal consumption
(ln(CC)) and total exports and imports (ln(X − E)) are also found to cause changes in CO2 emissions
( ln(CO 2 )). Hence, this study suggests that the above causal factors have an inﬂuence over changes in
CO2 emissions with the parameter size shown in the table.
Table 3. The result of the VARIMAX-ECM model.
Direction of Causality
Dependent
Variables
Δ ln(CO 2 )
Δ ln(GDP)
Δ ln(UR)
Δ ln(IS)
Δ ln(X − E)

Long Term

Short Term
∑ Δln(CO 2 )
4.31 *
3.76 *
4.71 **
2.45 *

∑ Δln(GDP)

∑ Δln(UR)

∑ Δln(IS)

∑ Δln(X − E)

ECMt−1

6.43 **

4.76 **
3.05 **

3.42 **
5.77 **
6.59 **

5.13 **
6.65 **
4.61 **
7.11 **

−2.15 **
−2.05 **
−1.97 **
−1.51 **
−2.77 **

3.44 *
2.78 *
2.98 **

3.49 **
6.78 **

4.62 **

In the above, ** denotes signiﬁcance α = 0.01, * denotes signiﬁcance α = 0.05, R-squared is 0.92, adjusted R-squared
is 0.91, the Durbin-Watson statistic is 2.02, the F-statistic is 275.05 (probability is 0.00), the ARCH test is 30.45
(probability is 0.1), the LM test is 1.55 (probability is 0.10), and the response test (χ2 > critical) represents
the signiﬁcance.

However, this study also reveals that the changes in per capita GDP (ln(GDP)), urbanization
rate (ln(UR)), total coal consumption, and total exports and imports (ln(X − E)) are caused by the
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factors shown in Table 4 at a statistically signiﬁcant level of 1% and 5%, respectively, for both shortand long-terms with the parameter size stated in the table.
In addition to this, the author has compared some selected forecasting models in terms of their
effectiveness with MAPE as indicated in Table 4. The comparison takes the VARIMAX-ECM model
compared with other models, including the ARMA model, ARIMA model, and GM-ARIMA model,
as follows.
Table 4. The performance monitoring of the forecasting model.
Forecasting Model

MAPE (%)

ARMA Model
ARIMA Model
GM-ARIMA Model
VARIMAX-ECM Model

7.44
5.75
2.25
1.01

Table 4 shows that the VARIMAX-ECM model has the lowest MAPE value at 1.01%. Accordingly,
the GM-ARIMA model, ARIMA model, and ARMA model have MAPE values of 2.25%, 5.75%,
and 7.44%, respectively. Based on the ﬁndings of the study, it has shown that the VARIMAX-ECM
model used by the author is the most effective one. This can be observed from the value of the mean
absolute percentage error (MAPE) was found to be lowest compared to the old model. Moreover,
the study has also found that the VARIMAX-ECM model is suitable for long-term forecasting unlike
other previously conducted studies, which were mostly old models proved only to be feasible for
short-term forecasting. In addition to this, the VARIMAX-ECM model is a forecasting model which
captures, with detail and prudency in the analysis process, by selecting the only stationary causal
variables at the same level, as well as securing the same level of co-integration in order to create the
best model. If any of the variables does not meet the set conditions, it would not be taken into account.
Therefore, the VARIMAX-ECM model becomes the right forecasting model suitable for long-term
policy-making and management planning in order to achieve a sustainable development in the future.
Therefore, the VARIMAX-ECM model is used to forecast CO2 emissions in the following step.
3.4. CO2 Emissions Forecasting Based on the VARIMAX-ECM Model
Figure 2 shows that CO2 emissions from 2018 to 2029 in Thailand are continuously increasing
with changes up to 14.68% or 289.58 Mt CO2 Eq. The result shown is beyond the target and deviates
from the reduction policy; CO2 emissions are expected to reduce by 20.8%, or be less than 115 Mt CO2
Eq. in the industrial sectors so as to attain sustainable development.

Figure 2. The forecasting results of CO2 emissions from 2018 to 2029 in Thailand.
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4. Conclusions and Discussion
This study disclosed new knowledge and guidelines for future research. The forecasting model
must emphasize the causal factors that can inﬂuence CO2 emissions in both the short- and long-term.
In addition, the to-be-used variables must be stationary at the same level. It is important to drop or
ignore unnecessary variables, which have no direct inﬂuence on the dependent variables, so as to
produce the best performing model with the most effective prediction outcomes. At the same time,
this will facilitate the formulation of effective sustainable development policies. The newly-introduced
model in this study attempts to ﬁll the gaps or weaknesses of most existing forecasting models.
Additionally, it provides more accurate output with fewer errors, which is instrumental for both the
academic world and the country in enhancing policy-making for future sustainable development.
From this study’s ﬁndings, both the short- and long-term causal factors affecting CO2 emissions are
per capita GDP, urbanization rate, industrial structure, and total exports and imports. These variables
can be employed to formulate the VARIMAX-ECM model through a performance testing based on
MAPE values. Here, the test’s results indicate this model’s higher quality and efﬁciency compared to
other existing models, such as the ARMA, ARIMA, and GM-ARIMA models. This illustrates that the
VARIMAX-ECM model is one of the best models suitable for the future forecasting of CO2 emissions.
Deploying the data of 2018 to 2029, we found that CO2 emissions continue to increase by 14.68%,
which is not in line with Thailand’s reduction policy, in which Thailand aims to reduce CO2 emissions
to be lower than 20.8% by 2029.
This study produced new ﬁndings and, thus, differentiates itself from other existing studies,
including those studies in the above literature review. Speciﬁcally, this study generated a forecasting
model with the ability to provide a long-term forecast over more than 10 years (2018–2029) and perform
effectively. In addition, this study is one of the ﬁrst reports to introduce the VARIMAX-ECM model.
This model is basically adapted from the existing concept and theory. Based on previous studies,
the VARIMAX-ECM model is the best model appropriate for long-term forecasting. Unlike many
existing and relevant studies, this study makes long-term forecasting possible. This can be observed
from the review of relevant studies with the capability of only short-term prediction. For instance,
Dai, Niu, and Han [28] put forth the GM (grey model) and least squares support vector machine
(LSSVM), along with the optimization of the modiﬁed shufﬂed frog-leaping algorithm (MSFLA)
(MSFLA-LSSVM), to forecast CO2 emissions in China. Their study was conducted only for the period
of 2018 to 2025, which is less than 10 years of evaluation. Lin et al. [29] used the grey model to
estimate CO2 emissions in Taiwan for only three years, from 2010 to 2012. Additionally, Zhao, Huang,
and Yan [27] proposed a CO2 forecasting model called SSA-LSSVM, which was structured based on
the Salp Swarm Algorithm (SSA) and least squares support vector machine (LSSVM) model to forecast
CO2 emissions in China from 2017 to 2020, covering only four years. For ﬁve years of prediction
coverage, Li [26] used a BP neural network with the improved particle swarm optimization algorithm
to examine CO2 emissions reduction in Beijing under different scenarios for 2016 and 2020. Meanwhile,
Liang [25] obtained a longer forecast from 2010 until 2020 with the application of the input-output
model on China’s multi-region energy consumption and CO2 emissions. With the same coverage of
prediction, Lotfalipour, Falahi, and Bastam [24] employed the grey and ARIMA models in their study
to forecast CO2 emissions in Iran for the period of 2010 to 2020.
With those studies taken into consideration, it can be observed that the efﬁciency of the
VARIMAX-ECM model is superior, that it is suitable for long-term, yet accurate, forecasting,
and that it produces fewer errors (absence of heteroskedasticity, multicollinearity, and autocorrelation).
These ﬁndings are in parallel with those of Manu and Sulaiman [23]. Additionally, this study differs
from other studies in term of the causal factors, as it focuses and selects only the true inﬂuencing
factors for CO2 emissions.
Hence, unnecessary factors, such as population growth and total coal consumption, are eliminated
from the study in order to reduce potential errors. The reason behind this elimination is because
the variables are non-stationary factors at the level and ﬁrst difference, and incompetent for the
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co-integration. If the said variables are included in this research the model will be false and it may
incur errors denoted by issue alignment to heteroskedasticity, multicollinearity, and autocorrelation at
the same time. If the above issues become problematic, it will affect, and have a negative inﬂuence
over, the forecasting process. However, from the previous policy-making of Thailand (in 1970–2017),
the mentioned factors were used in the model and, as a result of that inclusion, there was an absolute
failure because the application failed in the forecasting and future planning. Thus, the government
should emphasize the issue and prioritize on those causal factors with a direct inﬂuence on CO2
emission to be used in the forecasting model. This is to create the best forecasting model capable
for both short- and long-term predictions, though the factors share the same characteristics under
the sustainable development policies of many other countries and Thailand, as claimed by Dai, Niu,
and Han [28], and Chindo and Abdul-Rahim [20]. This study opens another arena to explore, which
can be further developed for future study. At the same time, the ﬁndings of this study can be deployed
in formulating long-term development strategies so as to boost both the economy and environment in
the most efﬁcient and effective way possible.
However, the limitation of this research is that the author is not able to apply the energy price in
the model. This is due to the government’s continuous control of energy prices and the use of energy
funds. Therefore, it has become impossible to perceive the true changes in energy prices, which may
affect energy consumption. In addition to this, past policies have not deployed the energy price factor
as a causal factor in its policy formulation. Nonetheless, if the government allows the energy price to
change according to the current global trend and market movements, it would enable us to know the
impact of changes in energy prices on CO2 emissions forecasting.
As for future research, it is suggested to consider more causal inﬂuential variables that are
relevant to the national policies of particular countries, so as to align sustainable development
policies with the national management and direction of the country. This research indicates that
both variables, population growth and total coal consumption, should not be included by Thailand
in its VARIMAX-ECM model, as evidenced by the relevant studies. Through the study of the policy
framework of Thailand, the author instead recommends that other variables need to be taken into
account so as to have an appropriate and most effective forecasting model. Some of these variables
are like domestic and foreign private investment, energy consumption structure, energy intensity,
carbon emissions intensity, and many more. In fact, encouraging the use of low carbon technologies,
like energy utilization efﬁciency, abatement equipment, and renewal energy, would greatly help in CO2
emissions reduction with an energy consumption amount maintained and, therefore, simultaneously
obtaining sustainable economic growth.
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Abstract: The power industry is the industry with the most direct uses of fossil fuels in China and
is one of China’s main carbon industries. A comprehensive and accurate analysis of the impacts of
carbon emissions by the power industry can reveal the potential for carbon emissions reductions in
the power industry to achieve China’s emissions reduction targets. The main contribution of this
paper is the use of a Generalized Divisia Index Model for the ﬁrst time to factorize the change of
carbon emissions in China’s power industry from 2000 to 2015, and gives full consideration to the
inﬂuence of the economy, population, and energy consumption on the carbon emissions. At the same
time, the Monte Carlo method is ﬁrst used to predict the carbon emissions of the power industry
from 2017 to 2030 under three different scenarios. The results show that the output scale is the most
important factor leading to an increase in carbon emissions in China’s power industry from 2000
to 2015, followed by the energy consumption scale and population size. Energy intensity levels
have always promoted carbon emissions reduction in the power industry, where energy intensity
and carbon intensity effects of energy consumption have great potential to mitigate carbon levels.
By setting the main factors affecting carbon emissions in the future three scenarios, this paper predicts
the carbon emissions of China’s power industry from 2017 to 2030. Under the baseline scenario,
the maximum probability range of the potential annual growth rate of carbon emissions by the power
industry in China from 2017 to 2030 is 1.9–2.2%. Under the low carbon scenario and technological
breakthrough scenario, carbon emissions in China’s power industry continue to decline from 2017 to
2030. The maximum probability range of the potential annual drop rate are measured at 1.6–2.1%
and 1.9–2.4%, respectively. The results of this study show that China’s power industry still has great
potential to reduce carbon emissions. In the future, the development of carbon emissions reduction in
the power industry should focus on the innovation and development of energy saving and emissions
reduction technology on the premise of further optimizing the energy structure and adhering to the
low-carbon road.
Keywords: power industry; carbon emissions; Generalized Divisia Index; scenario forecast;
Monte Carlo method
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1. Introduction
The increase of greenhouse gas emissions is the main reason for the sharp rise in global
temperatures. Compared with the 19th century, the global temperature increased by 0.4–0.6 ◦ C
at the end of the 20th century. The United Nations Committee of Experts on Climate Change proposes
that the threshold for global climate change is 2 ◦ C. If climate warming is not controlled, the global
average temperature will rise by 4–6 ◦ C in the 21st century, which is 6–10 times that of the 20th
century [1]. Global warming will bring a series of hazards, such as rising sea levels, melting glaciers,
extreme weather, and so on, thus leading to a series of economic and political conﬂicts. By the summer
of 2017, the area of Arctic sea ice had shrunk signiﬁcantly [2], leaving only 4.1 million km2 , which is
40% less than the average level in September 2000 (about 6.7 million km2 ) [3]. The rate of sea level rise
in the recent 50 years is about 1.0–2.5 mm/year. With global warming, the sea level will continue to
rise in the next ≈50–100 years, and it will increase by about 12–50 cm by 2050 [4]. Climate warming
has become the focus problem of the world’s attention, and it is also a major challenge for humanity.
Countries around the world have basically reached an agreement on climate change. On 4 November
2016, the Paris Agreement for global warming came into force. The goal is to control the global
average temperature rise to within 2 ◦ C by 2100, compared with the pre-industrial period, and strive
to control the temperature rise within 1.5 ◦ C [5]. Greenhouse gas emissions are an important cause of
global warming. The greenhouse gases produced by humans are mainly carbon dioxide and other
gases produced by the burning of fossil fuels. China is the world’s largest carbon emitter. In 2015,
China’s carbon emissions reached 10.4 billion tons, accounting for 29% of global carbon emissions and
exceeding the values of the United States and the 28 countries of the European Union [6]. As proposed
in the “Global Carbon Budget 2016” [7] report, in 2016, China’s carbon emissions reached 10.136 billion
tons, accounting for 28% of the global total. According to the report, global carbon emissions were
expected to increase by 2% in 2017 mainly because China’s carbon emissions were expected to increase
by 3.5% [7]. As the world’s largest carbon emitter, China is actively shouldering its responsibility to
reduce its emissions and has set a series of emission reduction targets. According to the “The Twelfth
Five-Year Plan” period, China planned to pursue energy development efforts that involve accelerating
the transformation of modes of energy development and controlling total energy consumption levels.
“The Thirteenth Five-Year Plan” proposes a decline of energy intensity levels of 15% [8]. In addition,
the Chinese government has also proposed to substantially reduce its use of fossil fuels and to increase
its clean energy consumption levels by 2030. The country’s total energy consumption amounts to less
than 6 billion tons of standard coal, and its unit gross domestic product (GDP) energy consumption
level is in line with the global average. Carbon emissions generated per unit of GDP have been
reduced by 60–65% from 2005, and the country’s carbon emissions are set to peak by 2030. By 2050,
the proportion of fossil fuel used will drop to below 50% and ideal energy-consumption levels will be
achieved [9].
The production of electricity mainly relies on the use of thermal power, while the production of
thermal power is mainly reliant on the use of coal. Nearly half of the coal that China develops each
year is used to generate electricity, meaning that half of the carbon dioxide emitted by burning coal
comes from the power industry. Furthermore, 70% of China’s energy comes from coal. According
to the proportion of existing thermal power, at least one-quarter of the country’s carbon emissions
comes from the power industry [10]. As the basis of China’s economic development, the power
industry also directly relies on the sector that uses the most fossil fuels, and the proportion of its energy
consumption in China’s energy consumption has been rising. In 2015, the carbon emissions by the
power industry accounted for about 32% of the total carbon emissions in the country, making it the
largest source of greenhouse gas emissions in China. In 2015, fossil energy accounted for 74.2% of the
energy consumption structure in the power industry, and low-carbon energy accounted for less than
30%. Therefore, the adjustment of energy structure of the power industry has great carbon emission
reduction potential. In 2015, the government proposed an ultra-low emissions action plan for coal-ﬁred
power plants: by 2020, coal-ﬁred power generation will reduce carbon emissions by 180 million
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tons, and the total emissions of major pollutants in the power industry will be reduced by about
60% [11]. In December 2017, China started to operate a nationwide carbon market explicitly targeting
the power industry while taking the lead in launching a nationwide carbon emissions trading system
and then gradually expanded its industrial scope, denoting the importance of energy conservation
and emissions reduction in the power industry. Therefore, effective control of the carbon emissions by
the power industry is central to achieving low-carbon development in China. In addition, the carbon
emissions reduction targets proposed by the Chinese government will greatly accelerate the pace of
energy structure optimization in China’s power industry. Developing low-carbon power generation
will become an important way to achieve carbon emissions reduction targets.
As an important carrier of a low-carbon economy, the development and use of low-carbon energy
will fundamentally reduce human consumption of fossil energy and reduce greenhouse gas emissions.
At present, low-carbon energy in the world mainly includes solar energy, wind energy, biomass energy,
geothermal energy, nuclear energy, water energy, ocean energy, etc. With the progress of science
and technology, the application of low-carbon energy gradually became widespread, and low-carbon
energy generation technology has become a necessary choice to deal with the current energy crisis and
environmental problems. China’s current low-carbon energy generation technologies include wind
power generation, solar photovoltaics power generation, biomass power generation, hydropower
generation, and nuclear power generation. Among them, hydropower generation is the most widely
used. China is rich in small hydropower resources, with an exploitable capacity of 87 million kW [12],
ranking ﬁrst in the world. Hydropower generation has a great development space. Nuclear power
and wind power generation are also the main low-carbon energy technologies in China. For nuclear
power, China has been actively developing nuclear power technology, and the advantages of nuclear
power development in the third generation have been basically formed. For wind power generation,
there are abundant wind resources in north China, northeast grassland, the northwest Gobi region,
and southeast coastal areas. Wind power is stable in shallow coastal areas of eastern China, with the
potential to build land and offshore wind farms. Solar photovoltaics is the fourth largest low carbon
energy generation technology in China. China has a vast territory, and 70% of the land’s annual average
solar radiation accounts for more than 20% of the total time [13]. In addition, the western region is
sparsely populated, which provides a very convenient condition for the collection and utilization
of solar energy. A summary of China’s major low carbon energy generation technologies is shown
in Table 1.
According to Table 1, the proportion of China’s low carbon energy generation is still lower
than that of fossil energy, and in low-carbon energy, compared with traditional fossil energy power
generation, the carbon emissions of solar photovoltaic power generation with the largest carbon
emissions per unit of power generation is only 25.64% of coal power generation (975.3 g-CO2 /kWh).
Thus, low-carbon energy has great potential for reducing carbon emissions.
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Large area occupied;
Poor controllability;
High cost.
Long construction period;
Small installed capacity;
High investment in
infrastructure.
Low energy density;
Large area occupied;
Vulnerable to climate.
High investment and power
generation costs;
Unstable fuel supply.

High environmental beneﬁts;
Renewable;
Short construction period;
Flexible application.

High power generation efﬁciency;
Low power generation cost;
Base group starts fast;
Easy to adjust.

No resource distribution
area restriction;
High energy quality;
Simple energy conversion process.

Low-sulfur;
High efﬁciency of investment
and utilization;
Strong production adjustment.

Huge energy;
No air pollution;
Easy to transport and store.

Wind power generation

Hydropower generation

Solar photovoltaics
power generation

Biomass power
generation

Nuclear power

Easy to produce radioactive
waste;
Serious heat pollution;
High investment cost.

Disadvantage

Advantage

Low Carbon Energy
Generation Technology

Installed capacity is 35.8 million kW.
The power generation capacity is 247.469 billion kWh,
accounting for 3.94% of the total power generation.

Installed capacity is 14.8 million kW.
The power generation capacity is 79.5 billion kWh,
accounting for 1.2% of the total power generation.

Installed capacity is 130 million kW.
The power generation capacity is 118.2 billion kWh,
accounting for 1.8% of the total power generation.

Installed capacity is 341 million kW.
The power generation capacity is 1119.45 billion kWh,
accounting for 18.6% of the total power generation.

Installed capacity is 164 million kW.
The power generation capacity is 305.7 billion kWh,
accounting for 4.8% of the total power generation.

Application
(Data in 2017) [14]

Table 1. A summary of China’s major low carbon energy generation technologies.

≈10–130

≈35–178

≈53.4–250

≈3.7–237

≈9.7–123.7

Carbon Emissions
(g-CO2 /kWh) [15,16]
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To control the carbon emissions of the power industry more effectively, this paper decomposes
the carbon emissions in the power industry, identiﬁes the inﬂuencing factors of the carbon emissions
in the power industry, and makes scenario analyses based on the future development trend of each
inﬂuencing factor. At the same time, this paper fully considers the possibility of future technology
development, and sets up the current scenario, low-carbon scenario, and technical breakthrough
scenario, aiming to select the appropriate path of carbon emissions reduction for the power industry.
Based on the existing research, this paper makes the following innovations in the decomposition of
carbon emissions and scenario prediction in the power industry:
1.

2.

3.

In applying the factor decomposition method, this study is the ﬁrst to apply the Generalized
Divisia Index Model (GDIM) to factor decomposition of carbon emissions by the power industry.
The GDIM model can not only make up the factor dependence of the existing exponential
decomposition model, but also considers the potential factors in the decomposition process
and investigates the effect of multiple absolute factors and relative indices on carbon emissions.
This paper uses the GDIM model to decompose the change of carbon emissions in China’s power
industry into absolute and relative value indices, which are not realized by other exponential
decomposition methods. As the decomposition results reveal correlations among factors,
no double-counting applies, which can make up for shortcomings of existing research methods
while allowing a more complete and accurate analysis of the actual impacts of various factors on
carbon emissions by the power industry.
In the selection of factor decomposition variables, this paper gives full consideration to the
inﬂuence of the economy, population, energy consumption factors, and relative factors produced
by absolute factors on the change of carbon emissions in the power industry. The paper examines
the three absolute factors of the economy, population size, and energy consumption in measuring
carbon emissions by the power industry and identiﬁes relevant relative factors derived from
three absolute factors, which make up the insufﬁciency of the analysis of carbon emissions from
the electric power production and industrial angle. In addition, absolute factors and relative
factors are taken into consideration, rendering our analysis of carbon emissions by the power
industry more complete.
In the prediction of carbon emissions in the power industry, the ﬁrst use of Monte Carlo simulation
technology, and the uncertainty is considered in the scenario analysis. The Monte Carlo method
is a dynamic simulation method that randomly applies and combines model variables on a
probabilistic basis. The advantage of this method is that it can estimate the future change trend
according to the assumption value of each use factor based on the relevant research. Because the
uncertainty is considered, the pre-judgment results that are generated are more scientiﬁc and
reasonable than those of other simulation methods. This paper combines China’s development
planning with a Monte Carlo simulation to forecast the situation of China’s power industry,
which can not only embody the inertial logic in a static scenario analysis, but also considers the
uncertainty of the related inﬂuencing factors in the future evolution, such that the basic logic and
scientiﬁc methods can be combined organically.

2. Literature Review
At present, academia has conducted extensive and in-depth research on carbon emissions.
Quesada and Molina et al. [17] studied ﬁfteen kinds of industrial carbon emissions in Spain and
analyzed the gap between industrial carbon emissions and carbon emissions allocation rights.
Quesada et al. [18] analyzed emissions and subsidies of the industries in different regions for the
period between 2005 and 2009. Statistical analysis shows that there are signiﬁcant differences between
emissions and distribution in several regions. Mikayilov [19] investigated the relationship between
the economic growth and CO2 emissions in Azerbaijan. Bollen [20] used the IMAGE 2 model to
calculate regional carbon emissions and costs, and examined the emission reductions needed to allocate
industrialized areas in a cost-effective manner. Carbon emission factors research is an important
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component of carbon emissions research. Remuzgo [21] analyzed the determinants of the global
inequality distribution of carbon dioxide emissions across the regions considered by the International
Energy Agency during the period 1990–2010. Zhu et al. [22] analyzed factor decomposition of carbon
emissions generated in China from 1980 to 2007 and concluded that the output effect makes the
greatest positive contribution to carbon emissions, and that the energy intensity effect makes the
strongest negative contribution to carbon emissions. Xia et al. [23] considered the energy-related
carbon emissions in Zhejiang Province from 2000 to 2014, and used Logarithmic Mean Divisia Index
(LMDI) to factorize energy carbon emissions of Zhejiang Province. Kopidou [24] divided the study
period into two sub-periods, 2000–2008 and 2008–2011, and decomposition of the carbon emissions of
the industrial sectors of Greece, Italy, Spain, and Portugal to investigate how changes in the production
and consumption of industrial products during the period 2000–2011 affected the industrial carbon
emissions of the four southern European countries. Mahony [25] used the LMDI method to decompose
the factors of Ireland’s carbon emissions changes from 1990 to 2010 and studied the driving forces of
carbon emissions. Wang et al. [26] employed the LMDI model to divide China’s carbon emissions for
1995–2007 into 11 drivers and to study them. Wang and He [27] conducted a factor decomposition of
China’s carbon emissions for 1990 to 2007 using the LMDI factorization method and concluded that
the economic growth and energy intensity effects, respectively, were the main factors that contributed
to an increase and decrease in carbon emissions. Population and structural effects are not signiﬁcantly
affected. Du et al. [28], based on provincial panel data, studied the inﬂuence factors and potential
emission reductions of China’s carbon emissions from 1995 to 2009. Dong [29] used the LMDI model
to categorize changes in China’s carbon emissions increment and used the co-integration method to
establish a co-integration relationship between each variable and carbon emissions. Based on the
equation developed, carbon emissions were estimated via a Monte Carlo simulation.
Research on the carbon emissions by the power industry represents another important area of
research. H. Ali et al. [30] used an Energy PLAN optimization model to assess the impact of Singapore’s
various strategies in the electricity generation sector on CO2 emissions from Singapore’s electricity
generation sector through to 2020. A comparison of a business-as-usual (BAU) scenario in 2020
(BAU 2020), 2020 target emissions reduction trajectory, and three emissions reduction alternative policy
scenarios (denoted APS-I, APS-II, and APS-III) was carried out. Sun et al. [31] applied the Stochastic
Impacts by Regression on Population, Afﬂuence and Technology (STIRPAT) model to analyze the
inﬂuencing factors of carbon emissions in the power industry. Wu and Peng [32] constructed the
Long-Range Energy Alternatives Planning (LEAP) model to simulate China’s national power needs
in six scenarios and estimated carbon emissions and carbon intensity by 2030. Cai et al. [33] used a
long-term alternative energy planning system to identify three scenarios for the future development of
carbon emissions generated by China’s power industry. The potential for carbon emissions reduction
in the power industry was analyzed through a comparison of different scenarios, and the costs of
key measures were quantiﬁed. Ari and Koksal [34] studied the carbon emissions from Turkey’s
electricity production and developed four scenarios based on different fuel mixtures. The results from
these scenarios show that if the proportion of fossil energy inputs is reduced, carbon emissions from
electricity production will be signiﬁcantly reduced. Hou and Tan [35] used a logarithmic average
weight method to divide the carbon emissions by the power industry into income, power production
intensity, electricity production structure, population, and power generation coal consumption effects.
For a typical period, carbon emissions factors were individually analyzed. Steenhof and Weber [36]
developed a decomposition model for the Canadian electricity industry to assess the effects of various
factors, particularly climate and energy policies, on emissions from 1990–2008, which affect greenhouse
gas emissions in the sector. Based on the mechanism of carbon emissions in the power system,
Chen et al. [37] analyzed carbon emissions results and the inﬂuencing factors of carbon emissions.
The authors also established means of carbon emission structure identiﬁcation and evaluation, and a
way to estimate contributions of low levels of carbonization based on carbon emission structures was
proposed and veriﬁed. Huo et al. [38] used LMDI decomposition methods to determine the carbon
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emissions by the power industry from 1991 to 2010 and analyzed the impacts of changes in plant
electricity consumption, power generation structures, power generation coal consumption, and line
loss on changes in carbon emissions generated by the power industry. A decrease in coal consumption
levels is the main positive effect of carbon emission reduction. A short-term change in carbon emission
intensity levels is mainly affected by the power generation structure used. A summary of research
methods on carbon emissions generated by the power sector is given in Table 2.
While prior studies have made substantial contributions to the understanding of carbon emissions
by the power industry in China, there are still some deﬁciencies:
1.

2.

3.

Regarding research methods, at present, the exponential decomposition method used in power
industry factor decomposition is based on a Kaya identity. Kaya identity is determined
by multiplying factors such that they are interdependent in form, and thus, decomposition
results are affected by the factors selected. When the same target variable is decomposed,
the selection of different factors will lead to contradictory conclusions. In addition, the exponential
decomposition method used in the prior studies can only be used to analyze the impacts of a
change in the absolute number of factors, and it cannot take other related absolute and implicit
factors into account, rendering the analysis unilateral.
On the selection of research factors, the factor selected for the factor decomposition of the power
industry presents a certain degree of one-sidedness. In the literature, two forms of factor selection
are mainly used when factoring the power industry: (1) The ﬁrst approach involves considering
the impact of a single factor or policy on carbon emissions by the power industry, such that
while research elements or policies can be studied through an accurate and in-depth analysis,
the potential of carbon emissions by the power industry cannot be explored. (2) From an industrial
point of view, they only consider the impact of production-side factors on carbon emissions by the
power industry while neglecting the impact of output scales and population sizes, thus producing
incomplete research results.
Regarding carbon emissions projections, most scenario analyses of various factors apply a ﬁxed
rate of change. In fact, the future development of various factors is largely uncertain and the
potential rate of change should fall within a range of values. Using a ﬁxed rate of change for
forecasting can generate large deviations in forecasted results from future developments.

In this paper, the factor decomposition and scenario analysis are fully combined to avoid the
singleness of only the factor decomposition or the integrated scenario analysis. By setting the changing
range of the main inﬂuencing factors in different situations in the future, a Monte Carlo simulation is
used to obtain the average annual conversion rate of carbon emissions from 2017 to 2030 in China’s
power industry in different scenarios. The shortcomings of the existing research are alleviated.
The article’s structure is as follows: The third part constructs a model for the decomposition
of carbon emissions in the power industry and its future scenario prediction. The fourth section
decomposes factors that inﬂuence carbon emissions by the power industry and predicts changes in
carbon emissions that will occur in the power industry from 2017–2030 via the Monte Carlo method.
The ﬁfth section contrasts the research results of this article with those of existing research, expounds
on the signiﬁcance of this article, and puts forward shortcomings of this article and avenues for
improvement. The sixth section presents conclusions and policy recommendations.
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N. Zhang et al. only consider the single factor’s
impact on the carbon emissions in the power
industry. Although it can well quantify the
carbon emissions reduction potential brought
by technology, it cannot grasp the carbon
emissions of the power industry as a whole
situation.
J. Hu et al. take the difference pricing policy as
a starting point and only consider the potential
of carbon emissions by the power industry
based on the policy of differential electricity
prices. The authors do not explore the potential
of carbon emissions by the power industry.
Scenario analysis does not consider the degree
of impact of various factors affecting the
carbon emissions of the power sector,
which may lead to an increase in the bias of
future scenario estimates.

The coal-ﬁred power plant’s total factor energy
efﬁciency and carbon dioxide emissions
performance is higher than the fuel power
plant, under the technical assumptions,
the technical difference of coal-ﬁred power
plants is smaller than the fuel power plant.
Electricity consumption in China’s
energy-intensive industries is still growing.
Output effects make the largest contributions
to carbon reduction outcomes while intensity
effects represent the most adverse inverse
factor. Policies have different impacts on
different industries.
Carbon dioxide (CO2 ) emissions will rise
signiﬁcantly under the baseline scenario. In the
mitigation scenario, electricity-related CO2
emissions grew by 5.8% annually between 2006
and 2030, while electricity output grew at an
average of 6.6% per annum in this period.
Optimization of industrial structures and
promotion of emissions reduction technologies
have considerable effects on carbon emissions
reduction outcomes. Hydropower resources
will limit the power structure optimization of
carbon emissions reduction potential.

After considering the non-uniformity,
non-radial relaxation, and unwanted output
of the power generation group, this paper
estimates the changes in the energy use and
CO2 emissions of the Korean power industry
under different power
generation assumptions.
This paper uses the LMDI exponential
decomposition method to examine the effects
of China’s differential pricing policy on
carbon emissions by the power industry.
Compare the effectiveness of different pricing
policies in different industries.
This paper comprehensively considers the
various policies of Turkey and analyzes the
carbon emission reduction in Turkey’s power
sector based on the scenario analysis of the
Long-Range Energy Alternatives Planning
system (LEAP) model.
Taking Chongqing as an example, this paper
applies a multivariate linear analysis of
factors (e.g., industrial structure optimization
and power supply structure optimization) to
design three scenarios to examine the
potential for carbon emissions reduction in
the power industry.

LMDI

Meta-frontier non-radial
directional distance
function

LMDI

LEAP model

Multivariable linear
regression (MLR) model

Zhang et al. [41]

Hu et al. [42]

Özer et al. [43]

Liu et al. [44]

Malla et al. [40]
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This paper uses multiple linear analysis to
predict carbon emissions that will be generated
by the power industry in the future. As the
study does not consider various factors or
uncertainties related to future changes,
the results of the analysis are limited.

This paper mainly analyzes carbon emissions
by the power industry starting with the
production of electric power enterprises, but it
does not consider relevant factors such as
economic growth or population size with
one-sidedness.
The LMDI model presents limitations.

The production effect is the main factor of CO2
emissions increase during 1990–2005, and the
energy intensity effect is the main factor to
reduce the CO2 emissions. In 2005–2030,
the structure effect of power generation plays a
role in reducing carbon emissions. The impact
of the factors varies by country.

This paper uses the LMDI of complete
decomposition to examine the role of three
factors (electricity production, electricity
generation structure and energy intensity of
electricity generation) affecting the evolution
of CO2 emissions from electricity generation
in seven Asia-Paciﬁc and North American
countries.

LMDI

This paper analyzes the carbon emissions of
the power sector in 15 countries in Asia and
the Paciﬁc using the LMDI model from the
perspectives of changes in economic output,
electricity intensity of the economy, fuel
intensity of power generation, and power
generation structure.

Shrestha et al. [39]

Research Limitations
This paper uses the LMDI model to deﬁne each
contributing factor as interdependent, and the
results are found to be dependent on the choice
of factors. Thus, different forms of factor
decomposition may lead to the opposite
conclusion, and potential impacts of the
absolute quantity factor selected cannot
be determined.

Research Conclusions
The increasing electricity intensity of the
economy was the main factor in Bangladesh,
Indonesia, and Philippines. Structural changes
in power generation were found to be the main
contributor to changes in the CO2 emissions in
the case of Sri Lanka and New Zealand.
Economic growth was the dominant factor
behind the increase in CO2 emissions in the
other countries.

Research Approach

Research Methods

Author

Table 2. Prior research on the carbon emissions by the power industry.
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3. Methods
3.1. Electricity Industry Carbon Emissions Calculations
This paper refers to the “Intergovernmental Panel on Climate Change (IPCC) 2006” [45] published
carbon emissions calculation method to estimate carbon emissions generated by China’s power
industry from the perspective of fossil fuel consumption. The following formula is used (1):
C=

8

∑ Ei × CVi × CCFi × COFi × (44/12)

(1)

i =1

In Equation (1), C represents carbon emissions by the power industry in 104 tons; i denotes the
type of energy use. According to energy distinctions outlined by the IPCC, this paper examines eight
energy sources (raw coal, coke, crude oil, gasoline, kerosene, diesel oil, fuel oil, and natural gas). Ei is
consumption of the ith energy source, and the unit is 104 tons of Standard Coal Equivalent (SCE).
CVi is the low caloriﬁc value of the ith energy source in kJ/kg or kJ/m3 , CCFi is the carbon content of
the ith energy source in units of kg/106 kJ, COFi is the carbon oxidation rate of the ith energy source,
and 44/12 is the molecular weight ratio of carbon dioxide to carbon.
In calculating carbon emissions generated by China’s power industry, the energy consumption
data used were drawn from the “China Energy Statistical Yearbook”(2001–2016) [46]; lower heating
value, carbon content levels, and carbon oxidation rates for various energy sources were sourced from
the “IPCC Guidelines for National Greenhouse Gas Inventories” [45].
3.2. Model Construction for the Decomposition of Carbon Emission Factors by the Power Industry
In this paper, GDIM is used to decompose carbon emissions by the power industry. The model
establishes a multi-dimensional factorization model by transforming a Kaya identity that can reveal
causes of carbon emission changes. We create Equations (2)–(4) based on the GDIM model
C = G × (C/G ) = E × (C/E) = P × (C/P)

(2)

E/G = (C/G )/(C/E)

(3)

( G/P) = (C/P)/(C/G )

(4)

In Equations (2)–(4), C denotes carbon emissions, G denotes added value, E denotes total energy
consumption, P denotes total population, G/P denotes GDP per capita, C/P denotes per capita carbon
emissions, C/G denotes output carbon intensity, C/E denotes energy consumption carbon intensity,
and E/G denotes energy intensity.
Equations (2)–(4) are transformed to obtain Equations (5)–(9):
C = G × (C/G )

(5)

G × (C/G ) − E × (C/E) = 0

(6)

G × (C/G ) − P × (C/P) = 0

(7)

G − P × ( G/P) = 0

(8)

E − G × ( E/G ) = 0

(9)

Function C ( X ) denotes the contribution of factor X to changes in carbon emissions. According to
Equations (5)–(9), we establish a Jacobian matrix Φ X composed of various factors, as given in
Equation (10):
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(10)

According to the basic principle of the GDIM model, the variation in carbon emissions ΔC can be
expressed as the sum of the contribution of each factor according to Equation (11):
ΔC X |Φ =



∇C T I − Φ X Φ+
X dX

(11)

L
T

In Equation (11), L is the time span, ∇C = ( C/G G 0 0 0 0 0 0 ) , I is its unit matrix,
and “+” is the generalized matrix. When the columns of the matrix Φ X are linearly independent,
−1

T
Φ+
Φ TX .
X = ΦX ΦX
This paper divides the inﬂuencing factors of carbon emissions into three absolute amount factors
and into ﬁve relative amount factors. The absolute factors include factors that reﬂect effects of changes
in output scale on carbon emissions ΔG, factors that reﬂect effects of changes in energy consumption
scales on carbon emissions ΔE, and factors that reﬂect effects of changes in population size on carbon
emissions ΔP. The relative quantity factor includes factor ΔC/G, which reﬂects the low-carbon degree
of the power industry, and namely a change in the carbon productivity of carbon emissions to reﬂect
the energy use and substitution degree of the power industry. The inﬂuence of the energy structure
changes on carbon emissions ΔC/E reﬂects the effect of changes in carbon emissions per capita on
carbon emissions ΔC/P. The effect of changes in per capita GDP on carbon emissions is denoted as
ΔG/P, and the extent to which energy production is dependent on energy use in the power sector and
the impacts of its use efﬁciency on carbon emissions are denoted as ΔE/G.
This paper presents a factor analysis of carbon emissions by the power industry for 2000–2015 as a
sample interval. The added value of the power industry and the total population were derived from the
“China Statistical Yearbook” (2001–2016) [47], and the total energy consumption levels for the power
industry were derived from the “China Energy Statistical Yearbook” (2001–2016) [46]. To eliminate
effects of price factors on the variables and to ensure the comparability of data, the paper deducts the
added value of the power industry for 2000 to a constant price.

3.3. Scenario Forecast Model Construction and Scenario Setting for Carbon Emissions by the Power Industry
The following factor analysis shows that in the evolution of carbon emissions by the power
industry, the most important growth-inducing factor is the output scale. Carbon intensity of energy
consumption and energy intensity can effectively reduce carbon emissions by the power industry and
in the future, the power industry should focus on these two aspects when formulating carbon emission
reduction policies. To further our scenario analysis, we construct Equation (12):
C = G∗

E C
∗
G E

(12)

Suppose that the rate of the change in carbon emissions (C), output scale (G), energy intensity
level (E/G), and energy consumption carbon intensity level (C/E) are, respectively, written as c, a, d,
and e in Equation (13):
Ct+1 = Gt+1 ×

= Gt × (1 + a) ×

E
G

t

E
G

t +1

×

× (1 + d ) ×

C
E
C
E

t +1
t

× (1 + e )

Therefore, the rate of change in carbon emissions (C) is given by Equation (14):
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c = (1 + a ) × (1 + d ) × (1 + e ) − 1

(14)

The evolution of carbon emissions in the power industry is closely related to the evolution
trend of the output scale, energy intensity, and energy consumption carbon intensity. To predict
future carbon emissions by the power industry, this paper sets the three following future scenarios
according to the changing trends and development potentials of various factors for before 2015 and
of various emission-reduction policies: The baseline scenario, low-carbon scenario, and technical
breakthrough scenario.
(1) Baseline scenario: In this scenario, the power industry develops from the inertia of past
development trends. Current economic development, policies, and measures related to carbon emission
reduction and technological levels will not change. Economic changes are generally more dependent
on inertia. The farther along the cycle is, the lesser its impact on the future will be. The closer a
cycle is, the stronger its inﬂuence on the future will be [48]. Therefore, taking the annual average
rate of the change in potential factors for the recent time frame as a reference, we took the annual
average rate of change for each potential factor for 2010–2015 as the intermediate value of the factor
for the baseline scenario (i.e., the most likely value). According to Lin and Liu [49], set the changes of
various factors, the change range of the potential change rate of the energy intensity index is 0.3–0.5%,
and 0.3% was used in this article. From the potential rate of change in the energy consumption carbon
intensity change rate of 0.2%, combined with actual trends for the power industry, we applied a uniﬁed
0.15%. The rate of change in the output scale refers to the rate of change in economic growth by 1%.
The average annual rate of change in each factor for the baseline scenario is shown in Table 3.
Table 3. Annual average rate of change in each factor for the baseline scenario. Unit: %.
Factor
G
E/G
C/E

2017–2030
Min

Med

Max

7.69
−4.62
−2.02

8.69
−4.32
−1.87

9.69
−4.02
−1.72

(2) Low carbon scenario: Under this scenario, the government intensiﬁes its efforts to optimize
the energy consumption structure, to improve energy efﬁciency levels, and begin to enter the green
development road. The World Bank expects the average GDP growth rate of 2017–2020 to be 6.27% [50],
which was used as the median of the average annual variability of the output scale in this period
under low carbon scenarios. A new economic report on China forecasts that China’s GDP will grow
at an average yearly rate of 3.28% from 2020 to 2030 [51]. Morgan Stanley predicts that China’s real
GDP will grow by 4.6% each year from 2021 to 2025 [52]. Mr. Teng notes that low carbon targets will
have a negative impact on GDP of 1% [53]. Therefore, average annual change rates for the output
scales of 2021–2025 and 2026–2030 were set at 3.6% and 2.95%, respectively. The “Strategy for Energy
Production and Consumption Revolution” [9] (hereinafter referred to as the “Strategy”) proposes that
by 2020, energy consumption levels per unit of GDP will drop by 15% from 2015, and thus calculate
the potential annual average change rate of energy intensity for 2017–2020 as −3.2%. According
to the “China and New Economic Report,” the annual average rate of change in energy intensity
levels for 2020 to 2030 under an accelerated emission-reduction scenario is expected to be 2.69% [51].
With China’s increasing levels of investment in renewable energy development under a low-carbon
scenario, the potential annual average change rates in energy intensity for 2021–2025 and 2026–2030
were estimated at −2.51% and −2.69%, respectively. Reference the “Strategic Plan of Action for Energy
Development” [54], assuming that the proportions of coal, oil, and natural gas consumption in 2020
will, respectively, reach 62%, 13%, and 10%, the potential annual average rate of change in energy
consumption carbon intensity for 2015–2020 is expected to be −2.6%. For the calculation method used,
refer to Lin and Liu [49]. The “Strategy” proposes that by 2020–2030, the share of fossil fuels of total
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energy consumption be reduced to 80%, while that for natural gas will decline to 15% [9]. If uniform
changes will occur in proportions of fossil energy and natural gas, coal and oil levels will remain the
same with proportions of coal, oil, natural gas consumption in 2025 and 2030 estimated at 58%, 12%,
and 12%; and 54%, 11%, and 15%, respectively. Potential annual rates of change of −2.72% and −2.89%
were, respectively, anticipated for 2021–2025 and 2026–2030. The method of selecting the maximum
and minimum values of each factor was in reference to the baseline scenario. The result is shown in
Table 4.
Table 4. Annual rate of change in each factor for the low-carbon scenario. Unit: %.
Factor
G
E/G
C/E

2017–2020

2021–2025

2026–2030

Min

Med

Max

Min

Med

Max

Min

Med

Max

5.27
−3.5
−2.75

6.27
−3.2
−2.6

7.27
−2.9
−2.45

2.6
−2.8
−2.87

3.6
−2.5
−2.72

4.6
−2.2
−2.57

1.95
−2.99
−3.04

2.95
−2.89
−2.89

3.95
−2.39
−2.74

(3) Technical breakthrough scenario: Under this scenario, assuming that the average annual
growth rate of output for all stages is in line with the low-carbon scenario, the power sector has
intensiﬁed its research and development and investments in energy-saving and emission-reduction
technologies to further promote carbon emissions reduction in the power industry. With the
development of technologies, energy consumption carbon intensity levels will decline. In considering
the time lag of technological breakthroughs, we set an annual average rate of change in energy
consumption for 2017–2020 that is in line with the low-carbon scenario. From 2021, the optimization
effect of technological breakthroughs will gradually emerge. Therefore, for energy consumption carbon
intensity in 2021–2025 and 2026–2030, the average annual change rate of relatively low carbon scenario
was decreased by 0.2%. In 2017, the goal set out in the government’s “Strategy” is to reduce energy
intensity by 15% in 2020, compared with 2015 [9], assuming that energy intensity can continue to fall by
as much as 15 percent in the event of a breakthrough in energy efﬁciency technologies. The potential
annual change rate in energy intensity for 2017–2020, 2021–2025, and 2026–2030 was calculated to be
−3.2%. The method of selecting the maximum and minimum values of each factor was in reference to
the baseline scenario. Results are shown in Table 5.
Table 5. Average annual rate of change in each factor under the technological breakthrough scenario.
Unit: %.
Factor
G
E/G
C/E

2017–2020

2021–2025

2026–2030

Min

Med

Max

Min

Med

Max

Min

Med

Max

5.27
−3.5
−2.75

6.27
−3.2
−2.6

7.27
−2.9
−2.45

2.6
−3.5
−3.07

3.6
−3.2
−2.92

4.6
−2.9
−2.77

1.95
−3.5
−3.24

2.95
−3.2
−3.09

3.95
−2.9
−2.94

3.4. Summary of the Research Methods
A summary of the research methods used for the decomposition and scenario prediction of carbon
emissions for China’s power industry is summarized in Figure 1.
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Figure 1. The summary of research methods and models.

4. Result Analysis
4.1. Result Analysis of the Factor Decomposition of Carbon Emissions by the Power Industry
In this paper, the period of 2000–2015 was divided into three stages: 2000–2005, 2005–2010,
and 2010–2015. According to Equations (7) and (11), using R software (Version 3.4.1, MathSoft),
the GDIM decomposition of the drivers of carbon emissions from the power sector for each
time segment is shown in Figure 2. Figure 2 shows that from 2000 to 2015, the output scale,
energy consumption scale, population size, and per capita carbon emissions are major growth
factors of carbon emissions in the power industry, while per capita GDP and energy intensity have a
restraining effect on the growth of carbon emissions by the power industry. Output carbon intensity
and energy consumption carbon intensity have a two-way change in the role of carbon emissions in
the power industry.
(1) From 2000 to 2015, output scale, energy consumption scale, population size, and per capita
carbon emissions always increased the carbon emissions in the power industry. Of factors that
contribute to this increase, the growth effects of the output scale ﬁrst weakened and then enhanced in
three time periods, and was the most signiﬁcant contributor to increases in carbon emissions observed
in 2000–2005 and 2010–2015, causing carbon emissions to reach 360 million tons and 483 million tons,
respectively. The growth effect of the output scale for 2005–2010 declined relative to those of the other
two time periods, but the contribution of the output scale to the increase in carbon emissions was still
signiﬁcant relative to the other factors. Enhancing effects of the energy consumption scale contrasted
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with those of the output scale, showing slight ﬂuctuations that ﬁrst increased and then decreased
the scale of energy consumption. This generates a maximum volume of 251 million tons of carbon
emissions for 2005–2010. Levels were then reduced to 197 million tons in 2010–2015 because for its
“The Twelfth Five-Year Plan” period, the Chinese government proposed a national energy development
approach to accelerating energy development and to rationally controlling energy consumption. At the
same time, the Electricity Industry Federation proposed its “The Twelfth Five-Year Plan” for power
generation, which led to a decrease in the scale of energy consumption and of corresponding carbon
emissions by the power industry. The growth effect of population size on carbon emissions by the
power industry was minor compared to those of the above two factors, but it has been on the rise.
Effects of population size on carbon emissions gradually grew more pronounced, rising from 14 million
tons for 2000–2005 to 23 million tons for 2010–2015, and was mainly due to changes in the size of
Chinese households and due to urbanization. According to census results for 2000 and 2010, family
size decreased from 3.44 persons/household to 3.1 persons/household [55], which has led to an
increase in the use of household appliances and thus in carbon emissions use in the electricity sector.
In the meantime, rates of urbanization in China have increased at an average annual rate of 1.35%
from 36.22% in 2000 to 56.1% in 2015 [47]. Compared with rural areas, the perfect level of urban
power facilities makes urban residents’ electricity consumption more convenient. The increasing
effect of carbon emissions per capita on carbon emissions showed a continuing downward trend,
from 352 million tons in 2000–2005 to 89 million tons in 2010–2015; this was because the Chinese
government set low-carbon targets in its “The Twelfth Five-Year Plan” for 2011. The low-carbon
concept was deeply rooted in people’s minds, leading to a signiﬁcant decline in the contribution of per
capita carbon emissions to the carbon emissions from the power industry.

Figure 2. Stages of the decomposition of carbon emissions in the electricity industry. Unit: 104 tons.

(2) From 2000 to 2015, energy intensity and per capita GDP have always played a catalytic role
in reducing carbon emissions by the power industry. Among them, the declining effect of energy
169

Energies 2018, 11, 2398

intensity on carbon emissions, although relatively weak, showed a trend of continuous increase
from 1.4 million tons for 2000–2005 to 10 million tons for 2010–2015. This phenomenon could be
attributed to the fact that for the ﬁrst time, in China’s “The Eleventh Five-Year Plan,” the energy
intensity constraint indicator had been clearly set forth, and targets of a 20% and 16% reduction in
energy intensity were proposed in the “The Eleventh Five-Year Plan” and “The Twelfth Five-Year Plan”
periods, respectively [56]. In addition, “The Thirteenth Five-Year Plan for Energy Development” [8]
proposed that energy intensity levels in “The Thirteenth Five-Year Plan” period should drop by more
than 15%. Therefore, it is expected that a reduction in energy intensity will continue to promote
carbon emissions reduction in the power sector in the coming period. Per capita GDP has always
had a catalytic effect on carbon emissions. This appears to be an unreasonable phenomenon that
must be clariﬁed. Relative indicators of GDP per capita explicitly include two quantitative indicators
(GDP and population), which have a signiﬁcant impact on carbon dioxide emissions. Changes in
these indicators affect their carbonization and are also energy related. As per capita GDP correlates
with several indicators, changes in these indicators are affected by calculations of the GDIM model
such that changes in per capita GDP are assigned to all these indicators. Only part of the change in
these indicators is attributable to per capita GDP, and it is calculated as the effect of changes in carbon
dioxide emissions while others are included in the impacts of additional indicators. The results show
that the nature of this interconnection had a negative impact on carbon dioxide emissions even when
GDP per capita was increasing. In addition, from an environmental point of view, the negative impact
of per capita GDP on carbon emissions is also desirable, indicating that the dynamic of population
welfare lags behind the gross domestic product [57].
(3) From 2000 to 2015 the carbon intensity of output and the carbon intensity of energy
consumption had a two-way effect on carbon emissions by the power industry. Output carbon intensity
in 2000–2005 and 2005–2010 contributed to increased carbon emissions in the power industry, and the
resulting carbon emissions were 10 million tons and 80 million tons, respectively. The carbon intensity
of output had an inhibiting effect on carbon emissions by the power industry for 2010 to 2015, reaching
278 million tons, thus rendering it the most signiﬁcant contributor to curbing carbon emissions in
2010–2015. This is attributable to new progress made in the reform and development of the power sector
from 2010–2015, to structural readjustments, and to remarkable improvements made in technological
innovation [58]. As a result, carbon productivity was effectively enhanced (i.e., output carbon intensity
was signiﬁcantly reduced) and carbon emissions dropped signiﬁcantly. The carbon-strengthening
effect of energy consumption carbon intensity continued to decline in 2000–2010. From 2010 to 2015,
energy consumption carbon intensity played a catalytic role in reducing carbon emissions by the
power industry and reached 100 million tons. This shows that in the “The Twelfth Five-Year Plan”
period, energy consumption structures underwent limited carbon transformation. By the end of 2015,
non-fossil energy power generation installed capacities accounted for 35%, representing an increase
of 8.1% from 2010 levels, and thermal power installed capacity levels decreased by roughly 9% from
2010 levels [59]. This shows that the declining carbon intensity of energy consumption will make an
important contribution to carbon emission reduction in the power industry.
To more clearly reﬂect the dynamic impacts of various factors on carbon emissions for 2000 to
2015, this article took 2000 years as the base period, and obtaining accumulate the contribution value
of each factor in the power industry each year, as shown in Figure 3. Figure 3 shows that carbon
emissions by the power industry from 2000 to 2013 continuously increased, reaching a maximum level
of 2.533 billion tons in 2013–2015, with a downward trend in 2013–2015, and showing a cumulative
increase in carbon emissions of 2.081 billion tons in 2015. After 2013, the power industry’s decline
in carbon emissions has a realistic background. In 2013, the Shenzhen carbon emission trading
market, a national carbon trading pilot project, was launched. Subsequently, carbon emissions
exchanges, such as those in Beijing, Shanghai, and Tianjin, were successively established, playing
an important role in promoting a reduction in carbon emissions. Since the establishment of the four
pilot exchanges, enterprises involved in the transactions have mainly focused on the electric power,
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steel, and chemical industries, and more enterprises have started to participate [60]. In December 2017,
the government led the power industry through a breakthrough in carbon market construction and
launched a nationwide carbon trading system for the power industry, highlighting the importance of
reducing carbon emissions by the power industry.

Figure 3. Cumulative contributions of various facets of the power industry to changes in carbon
emissions. Unit: 104 tons.

As can be observed from Figure 3, carbon emissions generated by the output scale in the power
industry increased from 57 million tons in 2001 to 997 million tons in 2015, representing an average
annual growth rate of 22.7%. The cumulative increase in carbon emissions generated by per capita
carbon emissions in 2001–2013 continued to increase from 2013 to 2015 and gradually decreased from
2000 to 2015 to a cumulative increase of 650 million tons of carbon emissions, representing an average
annual growth rate of 28.8%. The cumulative increase in carbon emissions resulting from the scale of
energy consumption continued to grow, and relatively was stable in 2013–2015. From 2000 to 2015,
the average annual growth rate reached 26.9% with a cumulative increase of 664 million tons of carbon
emissions. The cumulative increase in population size and energy consumption carbon intensity from
2000 to 2015 (with less carbon emissions) reached 65 and 31 million tons, respectively. Emissions
resulting from energy intensity and GDP per capita were reduced. Among them, the cumulative
increase in carbon emissions resulting from energy intensity decreased rapidly at an annual average
rate of 31.4% from 2000 to 2015, representing a cumulative reduction of carbon emissions of 29 million
tons. Carbon emissions generated by per capita GDP in aggregate declined by 92 million tons from
2000 to 2015. The cumulative increase in carbon emissions resulting from the output intensity of
carbon continued to increase from 2001 to 2009, reaching a maximum value of 182 million tons in 2009,
and the cumulative increase in 2012 turned negative while a cumulative reduction of 209 million tons
of carbon emissions occurred in 2000–2015.
The above results show that China has put forward relevant proposals for energy development
and that a series of policies and measures aimed at achieving carbon emissions reduction has achieved
some success. However, relative to projections, there is still much room for improvement in the realm
of power industry carbon reduction. At this stage, China is still a developing country. The overall
goal of the development plans is thus to form a developed society. China plans to eliminate absolute
poverty through its “The Thirteenth Five-Year Plan” and to achieve economic growth necessary to
support a developed society. Thus, the strategy developed to reduce carbon emissions by slowing the
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rate of economic growth is not suited to China’s current development plans. In the future, China’s
power industry should reduce carbon emissions by optimizing energy consumption structures, by
increasing levels of clean energy use, by enhancing technologies to improve energy efﬁciency levels,
by increasing investment in energy-saving emissions reduction equipment, and by investing other
areas that support the realization of future goals.
In summary, the output scale was the most important factor to promote the carbon emissions in
China’s power industry, followed by population size and energy consumption scale; energy intensity
had a positive effect on carbon emissions reduction in the power industry; and output carbon intensity
and energy consumption carbon intensity had a two-way effect on carbon emissions reduction in the
power industry.
4.2. Dynamic Predictions of the Evolution of Future Carbon Emissions by the Power Industry
Because of the uncertainty of the future development trend and the average annual change
rate of the factors affecting the carbon emissions, it can be regarded as the risk variable at the same
time, and the carbon emissions are forecasted using a Monte Carlo simulation [29,61,62]. At present,
academia has done a lot of meaningful and referential work on the Monte Carlo method [63–66].
The advantage of this method in predicting carbon emissions lies in the assumption of possible values,
rather than ﬁxed amplitude changes, based on the relevant literature and research on the future trend
of inﬂuencing factors, and the probability distributions of different evolution paths of carbon emission
are given to identify the most probable evolution paths [49,67].
Based on the above listed annual average rates of change for each factor under different scenarios,
we used Monte Carlo simulations to obtain the potential annual average rate of change in carbon
emissions in combination with Equation (14) to predict carbon emissions by the power industry for
2017–2030. Given the need to assign a value range to model variables in Monte Carlo simulations,
the annual average rate of change for each factor was taken as a variable. The median values of each
variable in different time periods under the baseline scenario, low carbon scenario, and technology
breakthrough scenario were taken as the minimum, median, and maximal values of the variable in the
corresponding scenario in 2017–2030. Corresponding results are shown in Figure 4.

Figure 4. Average annual rate of change in carbon emissions by the power industry for different
scenarios of 2017 to 2030.
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The distribution of triangles is most suited for the random selection of variables when the most
probable result of known variables and the interval of values are known but when the shape of the
probability distribution is unknown [68]. The most likely result of each variable in this article is
the middle value. We use the triangle distribution as minimum, median, and maximum values to
establish the relationship between the probability distribution, and then the simulation variable value
is arbitrarily selected from a random range, which is more realistic. We used the Crystal Ball tool
to simulate the average annual rate of change in carbon emissions by the power industry for three
scenarios through 1 million simulations, the results of which are shown in Figure 4.
Figure 4 shows all the scenarios based on the assumption that the potential average annual growth
rate in carbon emissions generated by the power sector from 2017 to 2030 is likely to be high. The ﬁgure
shows the following:
1.

2.

3.

Under the baseline scenario, the average yearly growth rate of the maximum probability of
carbon emissions in China’s power industry for 2017 to 2030 is expected to range between 1.9%
and 2.2%. The forecasted growth rate of carbon emissions under the baseline scenario shows that
in the current development of economic and carbon emissions, the power industry is expected to
have a rebound in carbon emissions, with an annual growth probability of 1.9–2.2% in 2017–2030.
When calculated according to the minimum rate of increase, carbon emissions generated by the
power sector in 2030 are expected to reach 4079.14 million tons under the baseline scenario.
Under the low carbon scenario, the average annual growth rate of carbon emissions in China’s
power industry for 2017 to 2030 is likely to range between −2.1% and −1.6%. Compared to the
baseline scenario, carbon emissions will continue to decline in the low-carbon scenario. As the
low-carbon scenario was based on a series of related goals set forth by the country’s current
carbon emissions, this shows that the government’s green development plan for the future of
the country is expected to have a catalytic effect in reducing carbon emissions generated by the
power sector.
With regard to technological breakthroughs, the average annual growth rate of the maximum
probability in carbon emissions in China’s power industry for 2017 to 2030 is expected to range
between −2.4% and −1.9%. Compared to those of the baseline and low-carbon scenarios,
reductions in carbon emissions achieved under the technology breakthrough scenario are
expected to be the greatest. At this time, carbon emissions reduction achieved in the power sector
under this scenario are expected to be the best among the three scenarios.

In addition, emissions levels can decline faster or slower under each scenario, though with a low
probability. However, low probability events can still occur. From the changes in carbon emissions by
the power industry found under the three scenarios, future declines in carbon emissions are predicted
to be ordered as follows: baseline scenario < low-carbon scenario < technological breakthrough
scenario. If in the low-carbon scenario, the power industry was to actively implement the concept of
low-carbon development and adhere to the green development path, carbon emissions are predicted
to continue to decline. However, over the long term there may not be a signiﬁcant breakthrough
in carbon emissions reduction relative to China’s proposed carbon reduction targets. With regard
to technological breakthroughs, we predict a breakthrough in technologies of low-carbon energy
and energy conversion efﬁciency, in power generation equipment, and in other realms, and we
anticipate signiﬁcant reductions of carbon emissions accordingly. In summary, according to these
predictions, the long-term development of carbon emissions by the power industry should adhere to
low-carbon green development while at the same time focusing on low-carbon technological research
and development and equipment upgrading, which are expected to make a big contribution to the
future development of carbon emissions reduction.
Summarize: Under the baseline scenario, low-carbon scenario, and technological breakthrough
scenario, the average annual growth rate of the maximum probability of carbon emissions in China’s
power industry from 2017 to 2030 are expected to be: [1.9%, 2.2%], [−2.1%, −1.6%], and [−2.4%, −1.9%].
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5. Discussion and Analysis
5.1. The Results of This Paper Are Compared to Those of Previous Studies
Wang et al. [69] and Hou et al. [55] studied the carbon emissions of the power industry in the
same way, but the method used was different from this article. Therefore, this article selects the two
studies and compares these results with the results of this study. The common factors that Wang and
this paper chose are economic scale, population size, and energy structures; the common factors that
Hou and this paper chose are population size and energy structures. From the common factors shaping
carbon emissions by the power industry, the results are shown in Table 6.
Table 6. Contributions of each common factor shaping carbon emissions by the power industry. Unit: %.
Common Factor

Wang et al.

Hou et al.

This Paper

Contribution of economic scale
Contribution of population size
Contribution of energy structures

109.51
7.92
0.51

8.1
3.9

102.7
3.03
7.8

As is shown in Table 6, although the inﬂuence factors selected by the representative literature
overlap with this article, the contributions of the measured variables to carbon emissions by the
power industry vary. At an economic scale, contribution shown in the compared literature are
slightly greater than those shown in this paper and mainly because the LMDI model used in the
representative literature for factorization can present slightly higher economic impacts on carbon
emissions. For population size, contributions presented in the compared literature are greater than
those shown in this article. At present, China’s population growth rate is declining, and awareness
of issues of energy conservation and environmental protection among residents is on the rise.
Contributions of population size to carbon emissions by the power industry should thus be relatively
low. For energy structures, the results of the contribution is 7.8% in this paper while the compared
studies present values of 0.51% and 3.9%. Although the optimization of energy structures will
signiﬁcantly decrease carbon emissions by the power industry, several technical problems related to
the development and application of clean energy must still be resolved, and while energy structure
optimization has achieved success in recent years, challenges remain. Therefore, the past optimization
of energy structures has made strong contributions to the reduction of carbon emissions by the
power industry.
5.2. The Signiﬁcance of Research Results Presented in This Paper
This paper presents main factors that shape carbon emissions generated by the power industry.
Future changes in carbon emissions generated from this industry are predicted to help governments
and related enterprises take measures to reduce carbon emissions while seizing opportunities and
fully tapping into potential for carbon emissions reduction based on the inﬂuencing factors identiﬁed.
At the same time, future plans can be made based on the predicted changes in future carbon emissions,
thus contributing to the overall energy conservation and emissions reduction efforts. In this paper,
the research ideas and methods of carbon emissions in the power industry have some reference value
to the research of carbon emissions in other industries.
5.3. Study Limitations and Avenues for Future Research
This paper does not consider impacts of electricity consumption in the study of carbon emissions
by the power industry. The research content related to the power industry is very extensive.
For example, J.H. Huh et al. discussed the hybrid advanced metering infrastructure design for a
micro grid based on the game theory model [70], which is a low-reliability problem of the power
line communication (PLC) caused by the signal interference and attenuation, and the solution to
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the method was described in the results of the test bench experiment [71] and smart grid test bed
that used OPNET software (14.5, OPNET Technologies, Inc., Washington, DC, USA) and power line
communication [72]. The study of carbon emissions in the power industry is also very extensive.
This paper involves the factor decomposition of carbon emissions in the power industry and sets
relevant scenarios for prediction. There are other aspects of carbon emissions in the power industry
that can be further studied. Future research can be carried out in the following aspects:
1.

2.
3.

4.

5.

Future research can estimate the responsibility for carbon emissions in the provincial power
industry, and synthetically consider the responsibilities of producers and consumers. It is
beneﬁcial for all regions to undertake the responsibility of carbon emissions reduction fairly and
achieve coordinated emissions reduction in all regions.
Track and analyze the carbon intensity of demand-side power such that users can understand their
carbon emissions responsibility and increase the enthusiasm of users for clean energy consumption.
For the generator sets with different carbon emission factors, study the unit’s power generation,
market electricity price, and carbon emissions, and establishing a carbon emission right allocation
mechanism with strong emissions reduction incentives.
Compare the international carbon emissions trading system with China’s carbon emissions
trading system, and analyze the shortcomings and advantages of China’s carbon emissions
trading system compared with other countries. Furthermore, draw lessons from countries and
improving China’s carbon emissions trading system combined with China’s reality.
Analyze the impact of the implementation of carbon tax policy on carbon emissions reduction in
the power industry, demonstrate the feasibility of incorporating the carbon tax into the future
carbon emissions reduction policy, and provide reference for the government to introduce a
carbon tax policy.

6. Main Conclusions and Recommendations
6.1. Main Conclusions
As a major carbon emissions-generating industry in China, the electric power industry is a major
target of China’s energy conservation and emissions reduction plan. Therefore, it is important to ﬁnd
a suitable path toward carbon emissions reduction in the power industry. First, this paper applies
the GDIM model to the electric power industry from 2000–2015 to examine the factors that shape
carbon emissions levels. To set the future annual average rate of change of major inﬂuencing factors
according to government policy objectives, we used the Monte Carlo method to simulate the potential
average annual change rate in carbon emissions from 2017 to 2030 for the power industry. The main
conclusions of this study are as follows.
1. Under the reality of China’s rapid economic development and thermal power generation
as the main force, the output scale was the most important factor leading to the increase of carbon
emissions in the power industry, and the cumulative increase of carbon emissions in 2000–2015 reached
996.89 million tons. Energy consumption scales and population size were also important factors
for the increase of carbon emissions in the power industry, and the cumulative increase of carbon
emissions reached 664.340 million tons and 65.204 million tons, respectively. Because fossil energy
consumption still accounts for a large proportion in the energy structure of China’s power industry,
energy intensity and carbon intensity effects of energy consumption have great carbon emission
reduction potential. The energy intensity had reduced the carbon emissions by 29.4241 million tons in
2000–2015, and carbon intensity of energy consumption achieved a breakthrough in carbon emissions
from positive to negative effects. In the future, the two are expected to become the main factors to
promote carbon emission reduction in the power sector. At present, the power industry in China should
focus on the optimization of energy structure to further reduce carbon emissions in the power industry.
2. In different scenarios, changes in carbon emissions of the power industry are different from
2017 to 2030. In the baseline scenario, the maximum probability of a potential annual growth rate
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of carbon emissions is expected to be between 1.9% and 2.2%. Under the low-carbon scenario and
technological breakthrough scenario, the maximum probability of the potential annual drop rate of
carbon emissions are expected to be between 1.6–2.1% and 1.9–2.4%, respectively. Thus, in the current
state of development, China’s power industry carbon emissions will likely continue to increase. If there
is a breakthrough in the low carbon policy and energy-saving and emission-reduction technologies,
the carbon emissions of the power industry are expected to reduce. Under the technological
breakthrough scenario, the power industry is predicted to experience the strongest reduction in
carbon emissions and thus, technological breakthroughs are considered to be the main path for future
carbon emission reduction development in the power industry.
The summary of the main conclusions in this paper can be seen in Table 7.
6.2. Recommendations
1.

2.

3.

4.

Promote green economics and reduce total energy consumption. Accelerate the transformation
of economic development modes; focus on the quality of economic growth; and gradually
adopt new economic models that limit energy consumption, pollution and emissions generation
while upgrading industrial structures to change the structure of electricity consumption.
In addition, change the traditional method of coal combustion, realize secondary processing of
coal, and reduce end-use energy consumption, especially in energy intensive sectors, such as
steel manufacturing.
Improve public awareness of energy conservation issues and optimize energy consumption
structures. Encourage energy conservation policies, formulate relevant energy efﬁciency
standards and norms, enhance public awareness of energy saving and emissions reduction,
and reduce electricity consumption. At the same time, limit thermal power production using coal
and improve the ratio of natural gas to fossil energy use. To protect the environment, develop solar
energy, hydropower, wind energy, and low-carbon energy generation options by encouraging
low-carbon energy power generation and reduce carbon emissions by the power industry.
Encourage the use of low-carbon equipment and boost technological innovation research
and development. At present, the international investment in innovation and research and
development continues to increase. In 2017, the European Union issued the third phase of
“Horizon 2020” [73], which comprehensively proposed the goals of climate action and sustainable
development, and invested 2.205 billion euros to support the research and innovation of energy
technology. As the world’s largest carbon emitter, China should upgrade energy-saving and
emissions-reduction equipment in the power industry, strengthen international exchanges and
cooperation in environmental technologies, and increase investment in innovative technologies
for emissions reduction on the basis of adhering to a series of low-carbon development measures.
At the same time, the government must encourage enterprises to adopt incentives and invest
more in continuous research and development in new energy savings and emissions-reducing
technologies as well as production equipment. Low-carbon technologies must be developed to
realize further reductions in electric carbon emissions by the power industry.
Explore the market potential of biomass power generation. Based on Molina’s research [74–76],
and combined with the current situation of China’s agriculture, biomass power generation
should be vigorously developed. The utilization of agricultural and forestry wastes by biomass
power generation not only eliminates methane emissions from biomass stacking or landﬁll
fermentation, but also promotes the development of carbon emissions reduction in the power
industry, which fully embodies the concept of a circular economy. The government should adopt
an active incentive mechanism to enhance the enthusiasm and market activity of biomass power
generation industry to a greater extent.
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36,025.25
19,851.92
1391.785
35,211.64
−142.48
972.6772
−9734.24
11,404.79

2000–2005
18,955.5
25,119.57
1981.017
26,653.95
−386.081
8616.858
−1970.54
2698.82

2005–2010

Stage Contributions
48,338.65
19,654.49
2311.95
8941.399
−974.895
−27,798.9
−9152.2
−9878.2

2010–2015
99,689.402
66,434.07
6524.081
65,413.974
−2942.41
−20,934.45
−9254.794
3171.344

Cumulative
Contributions

The Contribution of Various Decomposition Factors to the Changes
of Carbon Emissions in China’s Power Industry (104 Tons)

Positive
Positive
Positive
Positive
Negative
Double-sided
Negative
Double-sided

Effect

Biggest
Bigger
Small
Bigger
Smaller
Bigger
Small
Bigger

Degree of Inﬂuence

Baseline scenario
Low-carbon scenario
Technical breakthrough scenario

According to the current development trend
Follow the path of green development
Strengthen technological R&D investment

Characteristics of the scenario
1.9% to 2.2%
−2.1% to −1.6%
−2.4% to −1.9%

The most probable value

Simulation results of the average annual growth rate of carbon emissions in China’s power industry under different scenarios from 2017 to 2030

Output scale
Energy consumption scale
Population size
Per capita carbon emissions
Energy intensity
Carbon intensity of output
Per capita GDP
Carbon intensity of energy consumption

Factor

Table 7. Main conclusions of this paper.

Scenario
forecasts

Factor
decomposition
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Abstract: To mitigate global warming, the Chinese government has successively set carbon intensity
targets for 2020 and 2030. Energy restructuring is critical for achieving these targets. In this
paper, a combined forecasting model is utilized to predict primary energy consumption in China.
Subsequently, the Markov model and non-linear programming model are used to forecast China’s
energy structure in 2020 and 2030 in three scenarios. Carbon intensities were forecasted by combining
primary energy consumption, energy structure and economic forecasting. Finally, this paper analyzes
the contribution potential of energy structure optimization in each scenario. Our main research
conclusions are that in 2020, the optimal energy structure will enable China to achieve its carbon
intensity target under the conditions of the unconstrained scenario, policy-constrained scenario and
minimum external costs of carbon emissions scenario. Under the three scenarios, the carbon intensity
will decrease by 42.39%, 43.74%, and 42.67%, respectively, relative to 2005 levels. However, in 2030,
energy structure optimization cannot fully achieve China’s carbon intensity target under any of
the three scenarios. It is necessary to undertake other types of energy-saving emission reduction
measures. Thus, our paper concludes with some policy suggestions to further mitigate China’s
carbon intensities.
Keywords: carbon intensity target; energy structure; gray model (GM (1, 1)); generalized regression
neural network (GRNN); Markov forecasting model; non-linear programming

1. Introduction
As the greenhouse effect continues to increase on a global scale, the warming climate has become
a universal challenge facing modern human society [1]. In recent years, as China’s economy has
continued to develop, its energy consumption and carbon emissions have also risen. In 2007, China’s
total carbon emissions surpassed those of the United States, making China the world’s largest carbon
emitter [2]. At present, China’s carbon emissions account for approximately one-quarter of the total
global carbon emissions, and the country’s participation in climate change mitigation actions is
essential [3]. In 2009, the Chinese government made a commitment at the Copenhagen Global Climate
Conference: by 2020, carbon dioxide emissions per unit of gross domestic product (GDP) in China will
decrease by 40–45% compared to 2005 levels [4]. In 2015, China submitted a UN self-determination
document on climate change. By 2030, the country intends to reduce carbon dioxide emissions per unit
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of GDP by 60–65% compared to 2005 [5]. These carbon intensity targets are not only voluntary actions
for China to combat climate change but also a commitment to the international community. China’s
energy structure is lagging behind that of developed countries, and coal consumption has continued
at a high level for many years. The slow development of renewable energy sources has led to high
total carbon emissions, high carbon intensity and low energy efﬁciency in China. Simultaneously,
the unreasonable structure of energy consumption has also put considerable pressure on China’s
ecological environment. As the largest developing country in the world, China remains in a stage
of industrialization and rising urbanization with immense energy consumption. One of the great
challenges China faces is how to coordinate economic growth with energy conservation and emission
reduction. Optimization of the energy structure not only aids in reducing carbon emissions and carbon
intensity, but it also addresses the current situation of China’s energy demand. During the process
of economic growth, the global community should prevent further deterioration of the ecological
environment and promote sustainable economic development.
Forecasting energy consumption and carbon emissions will aid in setting reasonable energy saving
and emission reduction policies. Recently, many experts have conducted research on China’s carbon
emissions. These studies can be classiﬁed into two main categories. The ﬁrst is to factorize carbon
emissions and to search for carbon emission factors to predict carbon emissions. The widely used
methods include the logarithmic mean divisia index (LMDI) decomposition model [6,7], the divisia
index decomposition model [8,9], the input–output analysis model [10], the Kaya model [11,12],
stochastic impacts by regression on population, the afﬂuence and technology (STIRPAT) model [13],
and so on [14,15]. However, the prediction models do not usually have high accuracy due to the
complexity of the selected factors and difﬁculty in predicting the inﬂuencing factors. The second
category is based on timing trends, directly establishing mathematical models to predict carbon
emissions. The most frequently used methods are the auto-regressive integrated moving average
(ARIMA) model [16], gray prediction model [17], and the artiﬁcial neural network model [18].
Such models often have high requirements for data quality. In addition, some researchers have used
other models to study carbon emissions. Gambhir et al. [19] used a combined model to forecast China’s
carbon emissions from 2005 to 2050. Choi et al. [20] used a data envelopment analysis (DEA) model to
predict the carbon emission reduction potential and energy efﬁciency in China. When Du et al. [21]
evaluated potential carbon emission reductions in China using a non-parametric metafrontier model,
the results showed that China’s annual carbon emission reduction potential during the 11th ﬁve-Year
period reached up to 168.7 million tons of carbon dioxide.
Based on the forecasted carbon emissions, several researchers have conducted studies on whether
the carbon intensity targets for China in 2020 and 2030 can be achieved [22–26]. Stern et al. [27]
evaluated the difﬁculty of achieving the carbon intensity targets in China and India by decomposing
the factors that inﬂuence carbon intensity, but the authors did not consider the economic factors in
their model. Yi et al. [28] and Xiao et al. [29] used scenario analysis to conclude that the target for
carbon intensity in China in 2020 will most likely be realized, while Yuan et al. [30] determined that if
China’s clean energy accounted for 17% of the total energy in 2020, the carbon intensity target could be
achieved by 2020. Starting with a low-carbon policy, Wang et al. [31] conducted an inter-provincial
emission reduction path analysis of China’s carbon intensity in 2020. According to the principle of
fairness and common but differentiated responsibility, Yi et al. [32] selected three indicators—per capita
GDP, accumulated carbon emissions from fossil fuel and energy consumption per unit of industrial
added value—to establish a provincial carbon intensity distribution model to achieve the 2020 carbon
intensity target. Research by Xu et al. [33] showed that under China’s existing policies, the carbon
intensity targets for both 2020 and 2030 can be achieved, but the overall goals of 840 million tons
of carbon dioxide emissions by 2020 and 710 million tons by 2030 cannot be met. Through Monte
Carlo simulation and scenario analysis, Zhang et al. [34] observed that China can achieve the carbon
intensity targets for 2020 and 2030 on the basis of the existing policies. However, it is not clear whether
China can achieve its peak carbon emission goal by 2030. Most of the above studies focus mainly
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on the relationship between economic development and carbon emissions, and the generation of
regional allocations of the carbon intensity targets. There are few studies on the energy consumption
structure. In addition, existing research lacks a forecast for China’s carbon emissions by 2030, and omits
whether the carbon intensity targets can be achieved by 2030. The abovementioned papers are listed in
Appendix A; Table A1. This paper also summarizes the above research methods and their advantages
and disadvantages in Table 1. Based on these studies, we present research topics and methods.
According to our discussion, there are many ways to predict energy consumption and carbon
emissions, but each method has some shortcomings. To overcome these shortcomings, this paper ﬁrst
uses the combined forecasting model to forecast the total primary energy consumption. Then, scenario
analysis is utilized to predict the energy consumption structure. Finally, based on the predictions for
energy consumption and energy structure, combined with the carbon emission factors, the total carbon
emissions and carbon intensities under different scenarios are obtained, and the potential contribution
of energy structure optimization to achieve the carbon emission intensity target is calculated.
Compared with the existing research, the innovations in this paper are reﬂected in the following
three main aspects:
(1)

(2)

(3)

First, this paper predicts the primary energy consumption based on a combined forecast model.
A primary energy consumption forecast is the basis for a prediction of the energy structure. In this
paper, to determine the characteristics of a time series of primary energy consumption that are
affected by numerous factors, the gray prediction model and the generalized regression neural
network (GRNN) model are combined to predict energy consumption. The gray prediction model
predicts future energy consumption based on historical changes, and the exogenous variables
considered by this model have less impact. To compensate for defects in the gray prediction
model, the GRNN model is introduced. The inﬂuencing factors of primary energy consumption
are selected as the input layer variables for the GRNN model, and the prediction results are
achieved by predicting the input variables. Then, gray relational analysis is used to empower the
gray prediction model and GRNN model, and ﬁnally, the combined forecasting result is obtained.
Compared to the distinct forecasting model, the combined model synthesizes more factors that
affect the dependent variable, the forecasting accuracy is higher, and the forecasting result is
more closely aligned with reality.
Second, this paper considers energy structure optimization in three scenarios: a natural evolution
scenario, a policy planning scenario, and a cost perspective scenario. Firstly, according to
the characteristics of China’s energy consumption structure, the Markov model is used to
predict the natural evolution of the energy consumption structure, and the forecast result is
set as an unconstrained scenario. In addition, combined with the energy development plan
formulated by the state, the energy structure should be adjusted accordingly to set the situation
as a policy-constrained scenario. Finally, from the cost perspective, the minimum external cost of
carbon emissions is used as the decision-making target, non-linear programming is performed,
and the forecast result for the energy structure is obtained as the minimum cost scenario. Applying
different scenarios is conducive to a more comprehensive understanding of future changes in
China’s energy structure.
Third, this paper combines China’s carbon intensity targets for 2020 and 2030 for analysis.
The existing research focuses mainly on the target of a 40–45% reduction of carbon intensity by
2020 and less on the goal of a 60–65% reduction by 2030. This paper combines the carbon intensity
targets for 2020 and 2030, and then analyzes the potential for optimizing the energy structure to
contribute to achieving the carbon intensity targets in order to explore the possibility of reaching
the targets in 2020 and 2030; ﬁnally, the paper presents several reference suggestions.
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The model takes into consideration the technology
gap among China’s regions.

This model does not consider any
statistical noise.

Hybrid model

Forecast carbon emissions.

The model does not consider
feedback with respect to
price-induced changes in energy
supply from a detailed energy
demand outlook.

(1). The carbon emission index selected by this
model is more concentrated. (2). The model can
better describe the overall demand-side uncertainties
owing to structural and methodological differences
between top-down and bottom-up approaches.

Use the technology-rich integrated
assessment (MESSAGE) model, and a
combination of bottom-up models to
forecast carbon emissions.

Nonparametric
metafrontier approach

For some complex systems,
artiﬁcial neural network
prediction results may have
considerable errors.

ANNs are adaptable for optimization and adaptive
methods and are computationally efﬁcient.

Forecast carbon emissions.

Artiﬁcial neural
networks model

After the model is improved, the
newly added power exponents are
unknown. There are difﬁculties in
estimating these parameters.

(1). Evaluates the non-linear effects of economic
growth on carbon emissions in the model. (2). This
model can analyze the effect of multiple inﬂuencing
factor variables on the behavior of the system.

Forecast carbon emissions.

Non-linear gray model

The model requires a long data
series.

ARIMA is quite suitable for short-term forecasting.

ARIMA model

Shortcomings

Advantages

Purpose

Forecast energy consumption and
greenhouse gas (GHG) emissions for a
pig iron manufacturing organization
in India.

Model

Table 1. Summary of each model’s advantages and shortcomings.
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Based on the above discussions, this paper ﬁrst uses the GM (1, 1) model and GRNN model
to predict China’s primary energy consumption separately, and then a gray relational analysis is
used to empower the GM (1, 1) model and GRNN model to obtain the forecasting results of the
combined model. Secondly, the evolution of energy structure is divided into “Unconstrained scenario”,
“Policy-constrained scenario”, and “Minimum external costs of carbon emissions scenario” to study
the future changes in China’s energy structure. Finally, according to the predicted results of energy
consumption and structure, China’s carbon emissions, and carbon intensity results for 2020 and 2030
are calculated for further analysis. The research process of this paper is shown in Figure 1.
The remainder of this paper is organized as follows. Section 2 discusses the model theory. Section 3
analyzes the forecast results for primary energy consumption. Section 4 analyzes the optimization
results of the energy structure in different situations. Section 5 explores the potential contribution of
optimizing the energy structure to achieving the carbon intensity targets under different scenarios.
Section 6 presents the main conclusions and policy suggestions.

Figure 1. The general ﬂowchart conducted in this paper.
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2. Materials and Methods
2.1. Forecast Models for Energy Consumption in China
2.1.1. Model I: Gray Prediction Model
Since the advent of gray system theory, remarkable achievements have been accomplished in
predictions regarding military systems, social systems, ecosystems, and commercial systems [35,36].
According to the gray system theory, useful information is extracted from the gray comprehensive
sequence in the annual energy consumption time series to predict the future demand for energy
consumption. Based on data availability, this paper selects primary energy consumption data [37]
from 1953 to 2016 to predict the primary energy consumption in China for 2017 to 2030.
Step 1: Pre-process the primary energy consumption data. We assume that the sequence of
primary energy consumption Y (0) from 1953 to 2016 is as follows, Equation (1):
Y (0) = [Y (0) (1), Y (0) (2), . . . Y (0) (64)]

(1)

To weaken the randomness in the original sequence, prior to the establishment of the gray
prediction model, the data for primary energy consumption sequences from 1953 to 2016 is processed,
and the cumulative generation, Equation (2), is used to generate a cumulative generated column Y (1) :
Y (1) ( k ) =

k

∑ Y (0) ( i ) = Y (1) ( k − 1 ) + Y (0) ( k )

(2)

i =1

Y (1) = [Y (1) (1), Y (1) (2), . . . Y (1) (64)]

(3)

Step 2: Establish the gray differential, Equation (4):
∧

b
b
Y (1) (k + 1) = [Y (0) (1) − ]e− ak +
a
a

(4)

Step 3: Determine the values of parameters a and b, according to Equation (5):
⎧ 
⎪
a
−1
⎪
⎪
= [ BT B] BT X N
⎪
⎪
⎪
b
⎪
⎪
⎪
⎡ 1
⎪
⎪
⎪
− 2 (Y (1) (1) + Y (1) (2))
1
⎨
⎢ − 1 (Y (1) (2) + Y (1) (3))
1
⎢
2
⎪
B=⎢
⎪
⎪
⎣
...
.
.
.
⎪
⎪
⎪
1
(1) ( n − 1) + Y (1) ( n ))
⎪
⎪
1
−
(
Y
⎪
2
⎪
⎪
⎪
T
⎩
X N = [Y (0) (2), Y (0) (3), . . . , Y (0) (n)]

⎤
⎥
⎥
⎥
⎦

(5)

After obtaining the cumulative generated column Y (1) , according to the available matrices B and
X N knowing that B T B is a symmetric matrix, the original time series Y (0) and cumulatively generated
column Y (1) are entered into Equation (5) using the least squares method to obtain the values of
parameter a and parameter b.
According to the above method, the primary energy consumption data from 1953 to 2016 are
entered to obtain the gray differential Equation (6):
∧

Y (1) (k + 1) = 161324.24e0.0612k − 155913.24
Step 4: Predict the primary energy consumption for 2017–2030 according to Equation (7):
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∧

∧

∧

Y (0) ( k + 1 ) = Y (1) ( k + 1 ) − Y (1) ( k )

(7)

Step 5: Test the residuals of the forecast data and examine the accuracy of the forecast data.
The model ﬁtting value Ŷ (0) for primary energy consumption in China from 1953 to 2016 is obtained
based on the predictive value reduction formula. From the original sequence Y (0) and predicted
sequence Ŷ (0) , the prediction data are tested for residuals and accuracy. The absolute error (AE),
mean absolute error (MAE) and mean absolute percentage error (MAPE) of the prediction result are
obtained from Equations (8), (9) and (10), respectively:
δ(t) = Y (0) (t) − Ŷ (0) (t)
MAE =
MAPE =

1 n
δi (t)
n i∑
=1

1 n
|δi (t)|/Yi0 (t)
n i∑
=1

(8)
(9)
(10)

The standard deviation of the predicted value S1 and standard deviation of sample S2 are
calculated in Equations (11) and (12), respectively. The posterior difference ratio C can be calculated
as stated in Equation (13). According to the principle of the posterior difference test, as the posterior
difference ratio decreases, the predicting effect improves:

S1 =

S2 =

!
" n
− 2
"
" ∑ [δ(t) − δ ]
#
i =1

n

!
" n
− 2
"
" ∑ [Y ( 0 ) ( t ) − Y ]
# i =1
n
C = S1 /S2

(11)

(12)
(13)

The correctness of using this model can be judged by observing the average relative error and
posterior difference ratio.
2.1.2. Model II: Generalized Regression Neural Network
It is well-known that primary energy consumption is affected by many factors and that the system
is complicated. A study of historical data shows that the sample is relatively small and presents a
non-linear trend of development. GRNN is a general nonparametric regression model, which is a
branch of the Radial Basis Function (RBF) neural network [38], and has a strong nonlinear mapping
ability and ﬂexible network structure, as well as a high degree of fault tolerance and robustness [39,40].
Therefore, in order to obtain a higher prediction accuracy, we apply GRNN to conduct the primary
energy consumption forecasting.
Supposing the joint probability density functions of random variables x and y is f ( x, y), and the
observed value of variable x is X, then the regression of y to x, that is, the conditional mean, is shown
in Equation (14):
 +∞
y f ( X, y)dy
(14)
Ŷ = E[y| X ] = −+∞∞
−∞ f ( X, y ) dy
The unknown probability density function f ( x, y) can be estimated from the sample observations
x and y, and the non-parametric estimation Equation (15) is as follows:
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f ( X, Y ) =

n

1

(2π )(m+1)/2 σm+1 n

× ∑ exp[−
i =1

( X − Xi ) T ( X − Xi )
(Y − Yi )2
] exp[−
]
2
2σ
2σ2

(15)

where Xi and Yi are the sample observations of variables xi and yi , σ is the kernel width, n is the
number of samples, and m is the dimension of variable x.
Substituting fˆ( X, Y ) with f ( x, y), exchange integrals and summation order, the estimated value
is obtained from Equation (16):
n

Ŷ ( X ) =

∑ exp[−

i =1
n

( X − Xi ) T ( X − Xi )  + ∞
] −∞
2σ2

∑ exp[−

i =1

y exp[−

(y−Yi )2
]dy
2σ2

Yi )2
( X − Xi ) T ( X − Xi )  + ∞
] −∞ exp[− (y−
]dy
2σ2
2σ2

(16)

where the estimated value Ŷ ( X ) is the weighted average of all sample observations Yi , and the
weighting factor for each observation Yi is the index of the Euclidean distance squared between the
corresponding samples Xi and X.
The GRNN network structure consists of four layers: the input layer, pattern layer, summation
layer, and output layer. The corresponding network input is X = [ x1 , x2 , . . . , xm ] T , and the output is
Y = [ y1 , y2 , . . . , y k ] T .
(1) Input layer
The number of neurons in the input layer is equivalent to the dimensions of the input vector in
the learning sample. Each neuron is a simple distribution unit that directly passes input variables to
the pattern layer. For the analysis of the inﬂuencing factors of primary energy consumption, the energy
price, population, GDP, household consumption level, industrial energy consumption, and industrial
added value are selected as the input variables of the network; that is, the number of neurons in the
input layer is six. Table 2 provides the detailed economic implications of these variables.
Table 2. The variables of the input layer.
Input

Economic Implications

Energy price

This variable is the most crucial factor for determining energy demand. Due to the lack
of an energy price index, this paper uses the coal price to represent this index because
coal is China’s foremost consumer energy source, accounting for 60–70% of energy
consumption, and the price of coal is more market-oriented.

Population

Energy is the fundamental material on which human beings depend for survival. Both
energy production activities and energy consumption activities are intended to meet
human needs. Studies such as those of Liu et al. [41] and Guo et al. [42] showed that
population is a signiﬁcant factor affecting energy demand.

GDP

This variable reﬂects a country’s income level, which is a fundamental factor in
determining energy demand. Lin et al. [43] and He et al. [44] showed that there is a
signiﬁcant positive correlation between energy demand and GDP.

Household
consumption level

Household energy consumption includes two categories: direct and indirect
consumption; that is, energy will be directly consumed during residential life and
indirectly consumed by producing various goods and services. Residents’ rising
consumption level will increase not only the direct energy consumption but also the
indirect energy consumption.

Energy consumption in
the industrial sector

China’s industrialization is in the mid-to-late stage. Studies have demonstrated that
primary energy consumption in the industrial sector accounts for more than 70% of the
total primary energy consumption in China [45].

Industrial added value

In the process of industrialization, the output values of the manufacturing industry
and secondary industry have been continuously increasing, and the changes reﬂect the
adjustment of the industrial structure, which is a basic factor affecting the
energy demand.
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The data for all the input layer variables proposed above come from the China Statistical
Yearbook [46] and the China Economic Net Statistics Database [37]. Since the energy consumption
data from the industrial sector date back to 1980 at the earliest, the historical data for the previous
period is missing; thus, the above six variables range from 1980 to 2016.
(2) Pattern layer
The number of neurons in the pattern layer is equal to the number of learning samples. Here,
the number of neurons in the pattern layer is six, and each neuron in the input layer corresponds to a
different sample. The transfer function of the neurons xi (i = 1, . . . , 6) is show in Equation (17):
pi = exp[−

( X − Xi ) T ( X − Xi )
] (i = 1, . . . , 6)
2σ2

(17)

where the output of a neuron xi is an exponential form of the square of the Euclidean distance between
the input variable X and its corresponding sample Xi .
(3) Summation layer
n

The summation layer is divided into two types of neuron summing:

∑ exp[−

i =1

( X − Xi ) T ( X − Xi )
];
2σ2

one is

this expression is arithmetic summation of the output of all the pattern layer

neurons, which has a connection weight of 1 with each pattern layer neuron, and the transfer function
n

is s D = ∑ pi .
i =1

n

Another type is ∑ Yi exp[−
i =1

( X − Xi ) T ( X − Xi )
];
2σ2

this weighted expression sums the output of all the

pattern layer neurons and the connection weight between the i-th neuron in the pattern layer. The
n

j-th molecule summation neuron in the sum layer is yij , and the transfer function is s Nj = ∑ yij Pi ,
i =1

j = 1, 2, . . . , k.
(4) Output layer

The number of neurons in the output layer is equal to the number of dimensions of the output
vector k in the learning sample; each neuron divides the output of the summation layer to obtain the
output of the j-th neuron y j through Equation (18):
yj =

S Nj
j = 1, 2, . . . , k
SD

(18)

2.1.3. Combined Forecasting Model of China’s Energy Consumption Based on the Gray
Relation Degree
Since the introduction of the combined forecasting model in 1969, it has been a popular topic in the
ﬁeld of forecasting both domestically and internationally [47]. The traditional single model prediction
process has many shortcomings, such as the single structure of the forecast, limited information sources,
incomplete factors, and the sensitive model setting. However, the combined forecasting model can
comprehensively utilize the information provided by each individual model, collect the advantages of
the individual models, enrich the model structure, and ultimately use the weighted average method to
obtain the result of the combined forecasting model to improve the ﬁtting accuracy and forecasting
ability; therefore, the forecasting method is more effective.
Based on the predictions of primary energy consumption in China for 2017 to 2030 through the
gray prediction model and the GRNN model, respectively, this paper uses the gray relational method
to allocate the weights of the two models to construct the combined forecasting model.
Step 1: Preprocess the data. To eliminate the order of the magnitude difference between each
set of dimension data and avoid the error of the order of magnitude being too large, according to
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Equation (19), the real value sequence, the gray forecast value sequence and GRNN predictive value
sequence are processed and converted into values between [0, 1]:
Xi (t) =

Xi (t) − minXi (t)
maxXi (t) − minXi (t)

(19)

Step 2: Calculate the gray relational degree between the reference sequence and the real
value sequence.
Setting the actual value of primary energy consumption as { xt , t = 1, 2, . . . , N }, there is the gray
prediction model and GRNN forecasting, which are two single forecasting models for predicting
primary energy consumption, where x1t is the forecast value corresponding to the gray prediction
model at time t and x2t is the forecast value corresponding to the GRNN forecast model at time t.
ξ 0i =

min min |e | + ρ max max |eit |
1 N 1≤i≤2 1≤t≤ N it
1≤ i ≤2 1≤ t ≤ N
N i∑
|eit | + ρ min min |eit |
=1

(20)

1≤ i ≤2 1≤ t ≤ N

eit = xt − xit

(21)

In Equation (20), ξ 0i represents the gray correlation degree between the predicted value
sequence { xit , t = 1, 2, . . . , N } of the i-th single-item prediction method and the real value sequence
{ xt , t = 1, 2, . . . , N }, as the gray correlation degree of the i-th single forecasting method. Here, eit
represents the prediction error of the i-th prediction model at time t. ρ ∈ (0, 1) is the resolution
coefﬁcient, which usually takes the value ρ = 0.5. According to Equation (20), the gray relational
degree between the gray prediction sequence and real value sequence ξ 01 and the gray relational degree
between the GRNN prediction sequence and real value sequence ξ 02 can be calculated separately.
$
li = ξ 0i

2

∑ ξ 0i

(22)

i =1

Therefore, we can calculate the weight of the gray prediction model, and the weight of the GRNN
prediction model according to Equation (22).
According to the deﬁnition of gray relational degree, ξ 0i ∈ [0, 1]. The accuracy of the prediction is
accurate only when there is a gray correlation degree of 1 between them.
Step 3: Generate a combined forecast of primary energy consumption in China. The combined
predicted value of primary energy consumption at time t is given by Equation (23):
xˆt = l1 x1t + l2 x2t t = 1, 2, . . . , N

(23)

In Equation (23), l1 is the weighted coefﬁcient corresponding to the predicted value of the gray
prediction model, l2 is the weighting coefﬁcient corresponding to the prediction value of the GRNN
prediction model, which satisﬁes l1 + l2 = 1; Equation (23) shows that inequality (24) holds:
min xit ≤ xˆt ≤ max xit t = 1, 2, . . . , N

1≤ i ≤2

1≤ i ≤2

(24)

Let et be the prediction error of the primary energy consumption at time t from the combined
forecasting method, and according to l1 + l2 = 1, Equation (25) is as follows:
et

2

= xt − xˆt = xt − ∑ li xit
i =1

2

2

= ∑ li ( xt − xit ) = ∑ li eit
i =1

t = 1, 2, . . . N
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Letting ξ be the gray relational degree of the combined forecasting method, then the gray relational
degree of the combined forecasting is given by Equation (26):
ξ=

min min |e | + ρ max max |eit |
1 N 1≤i≤2 1≤t≤ N it
1≤ i ≤2 1≤ t ≤ N
∑
2
N i =1
| ∑ li eit | + ρ min min |eit |

(26)

1≤ i ≤2 1≤ t ≤ N

i =1

In Equation (26), the gray relational degree ξ of the combined forecasting method is a function of
the weighting coefﬁcient L = (l1 , l2 ) of each single forecasting model, so that ξ can be denoted as ξ ( L).
According to the gray relational theory, as the gray relational degree of the combined forecasting
method increases, the combined forecasting model is more effective. If ξ < ξ min , the combined
forecasting model is considered inferior forecasting; if ξ min ≤ ξ ≤ ξ max , the combined forecasting
model is referred to as non-inferior combination forecasting; and if ξ > ξ max , the combined forecasting
model is the optimal combined forecasting model.
2.2. Construction of the Forecast Model for Energy Consumption Structure in China
2.2.1. Energy Structure Prediction Based on the Markov Model
The evolution of primary energy consumption structure has its own changes and development
laws. This evolutionary law provides the basis for our study of the future energy consumption structure.
The main methods for predicting the energy consumption structure in existing research include the
Markov forecasting model, and the energy and environment comprehensive policy evaluation model
(Integrated Assessment Model, IAM model) [48]. Taking into account that the IAM model involves
many factors, the data are not easy to obtain, the model is not generally suitable for cooperative
research and development groups, and an individual research model is very difﬁcult to establish.
This paper uses the Markov forecasting model to predict the future energy consumption structure
in China.
Step 1: Build a Markov model that predicts the primary energy consumption structure.
A represents the total primary energy consumption; for simplicity, it can be divided into four types
of energy sources: coal, oil, natural gas and clean energy (water, nuclear, and wind electricity, etc.).
%
&
At time n, the vector of the primary energy consumption structure is S(n) = sc (n), so (n), s g (n), se (n) ,
where Sc (n), So (n), Sg (n), and Se (n) represent the shares of coal, oil, natural gas and clean energy,
respectively, in the total primary energy consumption; the sum of their proportions is 1. We assume
that the one-step transition probability matrix of the energy consumption structure from time n to time
n + 1 is:
⎡
⎤
Pc→c (n) Pc→o (n) Pc→ g (n) Pc→e (n)
⎢ P (n) P
⎥
⎢ o →c
o →o ( n ) Po → g ( n ) Po →e ( n ) ⎥
P(n) = ⎢
(27)
⎥
⎣ Pg→c (n) Pg→o (n) Pg→ g (n) Pg→e (n) ⎦
Pe→c (n) Pe→o (n) Pe→ g (n) Pe→e (n)
In the probability matrix, every element is a positive number less than 1, and the sum of the
probabilities in each row is always equal to 1. Here, the elements are classiﬁed according to the
characteristics of the elements in the probability matrix.
First, the main diagonal elements of the matrix P(n) are classiﬁed as the ﬁrst category, referred to
as the “retention probability elements.” These elements represent the probability that various types
of energy consumption continue to maintain the original ratio (for example:Pc→c (n) represents the
probability that coal consumption will continue to maintain the original ratio from time n to time
n + 1). Second, the main diagonal line elements are classiﬁed as the second category, referred to
as the “transition probability elements.” These elements represent the proportion of such energy
consumption to other types of energy consumption in terms of the transfer probability (for example:
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Pc→o (n) represents the probability that the ratio of coal consumption to oil consumption transfers
from time n to time n + 1). Third, the column elements outside the main diagonal are classiﬁed as
the third category, referred to as the “absorption probability elements.” These elements represent the
probable proportion of such energy consumption absorption of other types of energy consumption
(for example, Po→c (n) represents the probability that the percentage of coal consumption absorbs the
oil consumption ratio from time n to time n + 1).
Step 2: Determine the average transition probability matrix P.
To predict the future energy consumption structure, we must ﬁnd the average transfer probability
matrix based on the existing energy consumption structure. The speciﬁc procedure is as follows: ﬁrst,
calculate the primary transition probability matrix of the energy consumption structure in each year,
and then average the transition matrix to obtain the average transition probability matrix.
Supposing that from the initial moment to moment m, the transition probability matrix for each
step of the energy consumption structure is P(1), P(2), · · · , P(m), then the average transfer probability
matrix is P = [ P(1) · P(2) · · · P(m)]1/m . According to the average transfer probability matrix P,
the structure of primary energy consumption at the time n + m can be predicted by Equation (28):
S(n + m) = S(n) · Pm

(28)

Step 3: Determine the transition probability matrix for each step P(n). To determine the average
transition probability matrix P, the key lies in how to determine a transition probability matrix of the
energy consumption structure P(n). This paper uses the following four steps to calculate the value for
each element in the matrix P(n):
Calculate the retention probability elements. If from time n to n + 1, the proportion of energy
consumption increases, the retention probability of this energy in the transition probability matrix
is 1; if the proportion decreases, the retention probability is equal to the ratio of time n + 1 to
time n.
(II) Calculate the transition probability in the rows in which the element with a retention probability
of 1 is located. If the retention probability of a row is 1, there is no possibility of transferring energy
to other types of energy, and the sum of the elements in each row of the transition probability
matrix has been set equal to 1; therefore, the probability of a row transition probability element
is zero.
(III) Calculate the probability of absorption in the columns where the element with a retention
probability of less than 1 is located. If the retention probability of a column is less than 1,
the percentage of energy consumption represented by the column is reduced. There is no
possibility for such energy consumption to absorb other types of energy. Therefore, the probability
of absorption for this column is zero.
(IV) Calculate the nonzero transition probability in the rows in which the element with a retention
probability of less than 1 is located. The retention probability of energy corresponding to a row of
elements is less than 1, indicating the transfer of such energy consumption to other types of energy
consumption from n to n + 1. Using coal as an example, if Pc→c (n) is less than 1, the proportion
of coal consumption decreases from n to n + 1, and the transfer of coal consumption to the
other three types of energy consumption occurs. The probability of coal consumption shifting
to oil consumption, natural gas consumption, and clean energy consumption can be calculated
according to Equations (29)–(31), respectively:
(I)

Pc→o (n) =

[1 − Pc→c (n)] × [so (n + 1) − so (n)]
[so (n + 1) − so (n)] + [s g (n + 1) − s g (n)] + [se (n + 1) − se (n)]

(29)

Pc→ g (n) =

[1 − Pc→c (n)] × [s g (n + 1) − s g (n)]
[so (n + 1) − so (n)] + [s g (n + 1) − s g (n)] + [se (n + 1) − se (n)]

(30)

193

Energies 2018, 11, 2721

Pc→e (n) =

[1 − Pc→c (n)] × [se (n + 1) − se (n)]
[so (n + 1) − so (n)] + [s g (n + 1) − s g (n)] + [se (n + 1) − se (n)]

(31)

For other types of energy retention probabilities less than 1, based on the same principle, we can
calculate the non-zero transition probabilities of such energy sources.
Based on the above steps, the transition probability matrix of the energy consumption structure
from the initial moment to the moment m is obtained as P(1), P(2), · · · , P(m), the average transfer
probability matrix P can be obtained, and then Equation (28) can be used to predict the future energy
consumption structure.
2.2.2. Energy Structure Prediction Model Based on the External Cost Minimization of
Carbon Emissions
In this section, we optimize the structure of energy consumption with the goal of minimizing
the external costs of carbon emissions. Research has established that the factors of various types of
energy carbon emissions are different, and the amount of carbon dioxide released by different types of
energy combustion per unit mass is discrete, so that the external costs of carbon emissions consumed
are not equal. Studies [49] have shown that external emissions of carbon dioxide cost approximately
20 dollars/ton, which, according to the current exchange rate, converts into 129.21 RMB/ton. Carbon
emission factors of coal, oil and natural gas are 0.7476, 0.5825, and 0.4435, respectively. Burning a ton
of carbon in oxygen releases ﬁve tons of carbon dioxide. Thus, the external CO2 emission costs for
various energy sources are shown in Table 3:
Table 3. CO2 emission factors for various energy sources and external emission costs.
Specie

Coal

Oil

Natural Gas

CO2 emission factor
External cost (RMB/tce)

2.744
354.81

2.138
276.46

1.628
210.49

We set the coal consumption x1 at ten thousand tons, oil consumption x2 at ten thousand tons,
natural gas consumption x3 at ten thousand tons, and the renewable energy consumption x4 at ten
thousand tons. According to the above analysis, the objective function f ( x ) is set as follows:
f ( x ) = 354.81x1 + 276.46x2 + 210.49x3

Total CO2 emission =

∑ Energy consumption × Carbon emission

Carbon Intensity =

(32)

f actor ×

Total CO2 emission
GDP

44
12

(33)
(34)

According to China’s energy long-term development strategy research and the 13th Five-Year Plan,
the following constraints are set:
(1) Primary energy consumption is not greater than the predicted value:
x1 + x2 + x3 + x4 ≤ C1

(35)

(2) The total amount of CO2 emissions is within the forecast range, where μi represents the
corresponding emission factor of different types of energy:
4

∑ μi xi ≤ C2

i =1

(3) Various types of future energy structure changes in China are set in Table 4:
194

(36)

Energies 2018, 11, 2721

Table 4. The proportions of primary energy consumption for 2020 and 2030.
Year

Coal Ratio

Oil Ratio

Natural Gas Ratio

Clean Energy Ratio

2020
2030

0.50–0.60
0.40–0.50

0.20–0.30
0.25–0.30

0.06–0.15
0.10–0.20

0.15–0.25
0.20–0.25

(4) All types of energy are not less than zero:
xi ≥ 0

(37)

(5) Of all types of energy, only coal, oil, and natural gas are considered to generate carbon
dioxide during combustion, while clean energy releases very little carbon dioxide, which is not taken
into account.
According to the above objective function and constraints, a non-linear programming model is
constructed, and the relevant software is used to obtain the energy structure optimization results.
3. China’s Energy Consumption Forecast Results
3.1. Result Analysis Based on the GM (1, 1) Model
This section uses MATLAB2017a (MathWorks, Natick, MA, USA) to realize the GM (1, 1) model,
of which the MAPE is 0.0692, the residual standard deviation is 13971.35, actual standard deviation is
128779.08, and the posterior difference C calculated by Equation (15) is 0.1085, C < 0.35, which shows
that the constructed gray forecasting model has a better forecasting effect. In addition, the probability
of small residuals is calculated as P is 1, which shows that the model has a high goodness of ﬁt and is
suitable for predicting primary energy consumption in China.
Table 5 shows the forecasting results for the future energy consumption of China. The primary
energy consumption forecast for 2017 will be 4815 million tons of standard coal, reaching 5786 million
tons of standard coal in 2020 and 10,070 million tons of standard coal in 2030. This prediction shows
that China’s energy consumption for the future is high, but the prediction error of the gray prediction
model is small and the accuracy is high, so the model itself is not a problem. The reason for the high
forecast result is that the sample data predicted by this model are sourced from the primary energy
consumption data for China from 1953 to 2016. This stage represents the process of China shifting from
being a largely agricultural country to being a mature industrial country. The consumption of energy
each year is considerable, with a high annual growth rate. This trend is further extended, resulting
in a high growth rate of the predicted model values, which directly leads to a prediction of high
energy consumption. The gray model is commonly used for short-term forecasting [50]. Therefore,
it is reasonable to predict the economic variables through the gray model to supplement the later
forecast data.
3.2. Result Analysis Based on the GRNN Model
In this paper, through cross-validation, the neural network is continuously trained and tested.
When the radial basis function expansion speed is set to 0.56, the network error RMSE is the lowest
and the function approximation is the best. Therefore, a smoothing factor of 0.56 was determined.
The GRNN model was constructed, and the predicted values were inversely normalized to obtain
the primary energy consumption forecast results. The MAPE for the forecast of primary energy
consumption in the GRNN model from 1980 to 2016 is calculated as 0.0618. The goodness of ﬁt of the
model is high, so the model is suitable for the prediction of primary energy consumption in China.
In the following steps, the forecast variables of China are entered into the GRNN neural network
by predicting the explanatory variables in turn, and the forecast is obtained for primary energy
consumption in China from 2017 to 2030.
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(1) The change in the energy price is a stochastic process. The mechanism of this change is
complicated and affected by a combination of multiple factors. Therefore, for the trend forecast
of energy price changes, we cannot simply assume that it changes at a ﬁxed rate but rather use a
measurement model for prediction. In this paper, we choose the ex-factory price index for coal as an
alternative variable for energy price and predict the future price index through the ARIMA (2, 1, 2)
model combined with the changing trend of the price index itself.
ARIMA (p, d, q) is a common and effective forecasting model that is widely used in time series
forecasting [51]. In the model, p and q represent the order of autoregressive and moving average
processes, respectively, and d is the degree of differencing. Through the Augmented Dickey-Fuller
(ADF) test, the results showed that the original series is non-stationary (p-value = 0.1019). After taking
the natural logarithm and performing a ﬁrst-order difference, it becomes stationary (p-value = 0.000),
so set d to 1. According to the autocorrelation graph (ACF) and the partial autocorrelation graph
(PACF), there is no signiﬁcant seasonal trend. To determine p and q, Akaike’s information criteria
(AIC) criterion was applied here. Through comparing the values of AIC, ARIMA (2, 1, 2) model is the
best, with the smallest AIC of −2.7517, and the MAPE is 4.006%, which indicates the model’s strong
forecasting ability.
(2) The natural population growth rate in China has been declining since 1978. Building on recent
literature regarding future population growth trends in China, this paper refers to the forecast results
from the National Development Plan 2016–2030 [52] and predicts that in 2017, the total population
will reach approximately 1.404 billion. By 2020, the total population will be 1.42 billion, and by 2030,
it will reach 1.45 billion.
(3) With regard to the growth forecast for China’s economy, combined with current researchers’
studies [53–55], the commonly held view among experts is that from 1990 to 2010, China’s economy
will have grown at a very high rate, while it will grow at a medium rate from 2010 to 2030 and a
low rate from 2030 to 2050. Therefore, China’s future economic growth will occur at a 6.5% annual
growth rate from 2011 to 2020 and at a 5.5% annual growth rate from 2021 to 2030, from which the
total amount of China’s GDP for 2017–2030 can be predicted.
(4) Residents’ consumption levels are directly related to economic growth. Based on the research
by Wang et al. [56], this paper predicts that there is a co-integration relationship between GDP and
residents’ consumption level; for every 1% increase in GDP, the consumer price index will increase by
0.679%. According to this co-integration relationship, the annual growth rate of consumer spending
for 2011–2020 can be calculated as 4.41% and that for 2021–2030 as 3.735%.
(5) For the prediction of energy consumption in the industrial sector, this article refers to the
method from the China Energy Economics Research Center at Xiamen University [57], and according
to the historical trend for industrial energy efﬁciency, the industrial energy efﬁciency growth rate is set
at 3% in 2010, decreasing by 0.5% every ﬁve years thereafter. Therefore, the industrial energy efﬁciency
growth rate is 2% for 2016–2020, 1.5% for 2020–2025, and 1% for 2026–2030. From the ratio of industrial
energy efﬁciency equal to the ratio of added value for the energy consumption of the industrial sector,
the predicted value of the energy consumption for the industrial sector can be calculated.
(6) Chen’s [58] research showed that the average annual growth rate of China’s industrial added
value as a portion of GDP was 0.4% beginning in the Ninth Five-Year Plan period. This article draws
on this static calculation method, considering the recession of growth, which sets the annual average
growth rate of industrial added value as a share of GDP for 2011–2020 as 0.3% and presents the annual
average growth rate of 0.2% for 2021–2030.
From this process, we can calculate the forecast value for industrial added value from 2017 to 2030.
According to the above settings, the predicted values for the six explanatory variables are entered
into the trained generalized regression neural network as the network input layer to predict the
primary energy consumption for 2017–2030 in China. The results are shown in Table 5.
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3.3. Result Analysis Based on the Combined Forecasting Model
The forecast processes for primary energy consumption in China in 2020 and 2030 are shown
in Figure 2. China’s primary energy consumption is predicted through the GM (1, 1) model and the
GRNN model to obtain the predicted values x1t and x2t , and the gray relational method is used to
calculate the corresponding weights l1t and l2t in the individual models. According to Equation (25),
we can obtain the predicted value of a combined model for primary energy consumption at time t.
Due to the GRNN model, the data for the original variables in the input layer can be traced
back to 1980 at the earliest. To improve the prediction accuracy of the model, the forecast values for
primary energy consumption in the GM (1, 1) model and GRNN model from 1980 to 2016 are selected
as the reference sequences and the gray relational degrees of the two reference sequences and original
sequence are calculated, respectively. The gray relational degree of the GM (1, 1) model is calculated as
l1 = 0.7165, and the gray relational degree of the GRNN model is l2 = 0.7281. Thus, the results of the
combined forecasting are shown in Table 5.
The gray relational degree of the combined forecasting model ξ is 0.7368, and according to
ξ > ξ 02 > ξ 01 , the combined forecasting model is considered the optimal combined forecasting model.
Among the models, the MAPE of the GM (1, 1) model is 6.92%, and the MAPE of the GRNN model
is 6.18%, while the MAPE of the combined forecasting model is 5.87%, the prediction accuracy is
improved, and the combined forecasting method is superior to the single prediction method. Therefore,
this paper uses the combined forecasting method to predict China’s primary energy consumption from
2017 to 2030.
Table 5 shows the forecasting results of China’s primary energy consumption in 2017–2030 under
the GM (1, 1) model, the GRNN model and the combined model, respectively. It can be seen that
the prediction results of GM (1, 1) model have a fast growth rate, while the prediction results of
GRNN model are more robust. The forecasting results of the two models are relatively close in 2017.
However, the differences between the predicted values of the two models become larger and larger.
By 2030, the forecasting value of GM (1, 1) model is nearly two times more than that of GRNN model.
The results are mainly determined by the characteristics of each model. The GM (1, 1) model has the
advantages of small sample size, less parameter requirements, and simple calculation, etc. However,
the GM (1, 1) model is more suitable for a smooth data sequence with exponential change, but for
data with a jumping nature or a rapidly changing speed, the forecasting accuracy is not high [59].
The GRNN model has a strong nonlinear mapping ability and learning speed. The neural network
usually converges to the optimal regression with large sample size aggregation, which is suitable for
processing unstable data and lone-term prediction. However, the model often has high requirements
on sample quantity and quality [60]. In view of the characteristics of the GM (1, 1) model and the
GRNN model, this paper uses the combined model to forecast the energy consumption, so as to
better make up for the defects of each model and to improve the prediction accuracy. According to
Figure 2, the ﬁtting of the original data shows that the MAPE under the combined model is smaller
than that of the GM (1, 1) model and the GRNN model, which indicates that the prediction accuracy
of the combined model proposed in this paper is improved compared with the traditional single
forecasting model.
As shown in Table 5 and predicted with the combined forecasting model, China’s primary energy
consumption in 2020 will reach 5.06 billion tce, and the primary energy consumption in 2030 will reach
7.54 billion tce. Furthermore, the forecasting results of this study are compared with those of other
studies, which are shown in Appendix B. In this paper, the forecasting result for 2020 is close to that
of British Petroleum (BP), and the forecasting result for 2030 is close to the high economic growth
scenario of the Energy Information Administration (EIA). The predictions of 2020 and 2030 are both
less than that of the South Korea Scenario and the Baseline Scenario, which implies that the prediction
results of those two scenarios may be high. The comparison further proves that our results are robust
and reliable.
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Figure 2. The forecasting process for the combined model.
Table 5. Prediction of primary energy consumption. (unit: 104 tce).
Year

GM (1, 1)

GRNN

The Combined Model

2017
2018
2019
2020
2021
2022
2023
2024
2025
2026
2027
2028
2029
2030

481,509.07
511,903.92
544,217.41
578,570.67
615,092.45
653,919.63
695,197.75
739,081.51
785,735.40
835,334.27
888,064.03
944,122.31
1,003,719.22
1,067,078.13

428,574.45
430,308.03
431,775.91
432,981.45
433,770.76
434,393.88
434,867.40
435,216.47
435,467.43
435,645.99
435,768.62
435,851.30
435,906.06
435,941.71

455,252.80
471,431.29
488,444.95
506,356.51
525,154.52
545,031.98
566,070.49
588,360.47
611,997.90
637,083.65
663,719.59
692,013.24
722,076.46
754,026.21

According to existing studies, China’s primary energy consumption will continue to grow over
the next 14 years. Adjusting the energy structure is a key factor in achieving the carbon intensity
targets in 2020 and 2030.
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4. China’s Energy Consumption Structure Forecast Results
4.1. Different Scenario Settings
(1) Unconstrained Scenario (UCS)
The unconstrained scenario (UCS) is the scenario in which no speciﬁc measures are taken to
reduce carbon intensity. At present, China is in the process of building a prosperous society in
a comprehensive way. Industrialization is in a transition period, and it is heavily dependent on
energy consumption. The coal-dominated energy consumption structure exerts tremendous ecological
pressure on the environment. In recent years, due to the state’s support and technological progress,
the proportion of coal consumption has been gradually declining, the proportion of renewable energy
consumption has been gradually rising, and the energy consumption structure has been gradually
improving. This paper sets the unconstrained energy structure optimization scenario as a reference,
which does not consider the national development plan and predicts the future development trend
based on the natural evolution law, followed by the energy structure change.
(2) Policy-Constrained Scenario (PCS)
The policy-constrained scenario (PCS) is the scenario that optimizes the energy consumption
structure according to energy policies. For a long time, China’s primary energy consumption consisted
of nearly 70% coal. To ease the pressure on carbon emissions, China launched the 13th Five-Year Plan
in 2017 to clarify the guiding ideology, the basic principles, and the development goals for energy
development. The plan proposes that non-fossil fuels account for 15% of primary energy consumption
by 2020, the proportion of natural gas consumption reaches 10%, the proportion of coal is less than
62%, and that non-fossil fuels account for 20% of primary energy consumption by 2030. This paper sets
this scenario, combined with the above energy development plan, as the policy-constrained scenario,
and predicts the future energy consumption structure according to China’s energy planning.
(3) Minimum external costs of carbon emissions scenario (MCS)
The minimum external costs of carbon emissions scenario (MCS) is a scenario that optimizes
the energy structure with the objective of minimizing external costs. Given that carbon dioxide is
the primary greenhouse gas, the external discharge of carbon dioxide has a negative impact on the
environment and generates a certain cost. Therefore, from the cost perspective, this paper applies a
minimum external cost of the carbon emissions scenario, which sets the minimum cost as the goal,
determines the constraint conditions according to national energy policy planning, and constructs a
non-linear programming model. By generating the non-linear programming model, we can obtain the
results of energy structure optimization in this scenario.
4.2. Energy Structure Forecast Results
Based on the above three scenario settings, the energy structures in different scenarios are
calculated separately.
(1) Energy structure prediction under the unconstrained scenario
In this paper, the energy structure is predicted with the Markov forecasting model. The energy
structure variables from 2008 to 2015 are selected to calculate the average transfer probability matrix P
(Appendix C).
Given the primary energy consumption structure and the average transition probability matrix P,
we predict the energy consumption structure in the unconstrained scenario. Combined with the
prediction for GDP and the total primary energy consumption (Table 5), we obtain the forecast results
for the total energy consumption and the prediction of various types of energy in the future. The results
are shown in Table 6.
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In the unconstrained scenario, non-fossil energy will account for 14.1579% of the total energy
consumption in 2020, natural gas will account for 7.57% in 2020, and non-fossil fuels will account
for 17.4589% in 2030; these ﬁgures still lag behind the goals set in the 13th Five-Year Plan. Therefore,
the energy structure under the policy-constrained scenario is adjusted as follows.
(2) Energy Structure Prediction under the Policy-Constrained Scenario
At present, coal accounts for the highest proportion of primary energy consumption in China.
Compared to other energy sources, coal has low caloriﬁc value and high carbon emissions per unit.
One of the principal ways to optimize energy structure is to reduce the proportion of coal and increase
the proportion of renewable energy. Therefore, this paper assumes that in the future energy structure,
the proportion of oil consumption will continue the same trend of adjustment. The increased ratio of
clean energy and natural gas will be supplemented by a decrease in the coal proportion. Based on the
above assumptions, the energy consumption structure optimization results can be calculated under
the policy-constrained scenario. Table 6 shows that in this scenario, the primary energy consumption
structure in 2020 will be 55.80% coal, 19.20% oil, 10% natural gas, and 15% clean energy; the primary
energy consumption structure in 2030 will be 48.23% coal, 20.93% oil, 10.84% natural gas, and 20%
clean energy.
(3) Energy Structure Prediction under the Minimum External Costs of a Carbon Emissions
Scenario
From the cost perspective, this paper sets the minimum external cost of carbon emissions
as a decision-making goal, and builds a non-linear programming model to predict the primary
energy consumption structure. According to the analysis of the objective function and constraints
in Section 2.2.2, we obtain the minimum scenario model of carbon emission costs in 2020 and the
minimum scenario model of carbon emissions in 2030 (Appendix D).
Table 6 shows that the primary energy consumption structure in 2020 is 59% coal, 20% oil, 6%
natural gas and 15% clean energy. The primary energy consumption structure in 2030 is 45% coal, 25%
oil, 10% natural gas and 20% clean energy.
Table 6. China’s primary energy consumption structure forecast results.
2020

Year
Coal (104 tce)
Share (%)
Oil (104 tce)
Share (%)
Natural gas (104 tce)
Share (%)
Clean energy (104 tce)
Share (%)
Total (104 tce)

2030

UCS

PCS

MCS

UCS

PCS

MCS

299,115.43
59.07
97,226.02
19.20
38,325.11
7.57
71,689.45
14.16
506,356.51

282,541.36
55.80
97,226.02
19.20
50,635.65
10.00
75,953.48
15.00
506,356.51

298,750.34
59.00
101,271.30
20.00
30,381.39
6.00
75,953.48
15.00
506,356.51

382,843.23
50.77
157,828.24
20.93
81,709.30
10.84
131,644.68
17.46
754,026.21

363,683.43
48.23
157,828.24
20.93
81,709.30
10.84
150,805.24
20.00
754,026.21

339,311.79
45.00
188,506.55
25.00
75,402.62
10.00
150,805.24
20.00
754,026.21

From the total primary energy consumption in China under different scenarios and their structures,
the consumption levels of coal, oil, natural gas, and clean energy under various scenarios in 2020 and
2030 are calculated as shown in Figure 3. From Figure 3, we can observe the following. (1) In 2030, all
types of primary energy consumption in China are higher than primary energy consumption in 2020,
indicating that China’s energy consumption will increase during this period. (2) In the same year, the
coal consumption under the policy-constrained scenario is lower than that in the unconstrained
scenario, indicating that at present, the energy consumption structure has a problem with an
excessively high proportion of coal consumption. (3) From 2020 to 2030, under the unconstrained
scenario, the proportion of coal consumption will decrease, and the proportions of oil, natural gas,
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and clean energy consumption will increase. Thus, China’s energy structure has been optimized under
natural evolution.

Figure 3. Energy consumption under different scenarios in China in 2020 and 2030.

5. Contribution Analysis of Energy Structure Optimization to Achieve the Carbon
Intensity Targets
In 2005, China’s GDP was 4,797.58 billion RMB (1980 constant price). By burning fossil fuel energy
sources, the total amount of carbon dioxide emitted was 5.533 million tons, and the carbon intensity
was 1.15 kg/RMB.
Based on the energy consumption in Table 6 and Equation (34), the total amount of carbon dioxide
emitted from primary energy combustion in each scenario is estimated.
Given the prediction for China’s national economy (GDP) in Section 3.2 of this paper and
the carbon intensity in each scenario calculated with Equation (35), we can analyze the potential
contribution of energy structure optimization to achieving the carbon intensity targets. The results are
shown in Table 7 and Figure 4.
Table 7. Energy structure optimization results under various scenarios.
Year

2020

2030

Scenario

UCS

PCS

MCS

UCS

PCS

MCS

GDP (billion)
Carbon emissions (104 tce)
Carbon intensity (kg/RMB)
Degree of decline (%)

164,048.47
1,089,917
0.66
42.39

164,048.47
1,064,503
0.65
43.74

164,048.47
1,084,638.26
0.66
42.67

280,218.49
1,519,418
0.54
52.98

280,218.49
1,466,897
0.52
54.61

280,218.49
1,455,357.30
0.52
54.97

(1) Carbon Intensity Prediction Results in each Scenario
The carbon intensity prediction results in each scenario are shown in Table 7. Under natural
evolution, the carbon intensity in 2017 is 0.74 kg/RMB. The carbon intensity will decline to
0.66 kg/RMB by 2020 under the unconstrained scenario, a total decrease of 10.81% from 2017, and the
carbon intensity will decline to 0.54 kg/RMB by 2030, a total decrease of 27.03% from 2017. Under
the policy-constrained scenario, the carbon intensity will decline to 0.65 kg/RMB by 2020, a total
decrease of 12.16%, and the carbon intensity will decline to 0.52 kg/RMB in 2030, a total decrease of
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29.07%. Additionally, under the minimum external cost scenario, the carbon intensity will decline
to 0.66 kg/RMB by 2020, a total decrease of 11.63%. In 2030, the carbon intensity will decline to
0.52 kg/RMB, a total decrease of 29.63%.
(2) Contribution Analysis of Optimizing the Energy Structure to Realize the Carbon
Intensity Targets
Based on the results, the contribution potential of optimizing the energy structure that drives
the carbon intensity relative to the decrease in 2005, and the goal of achieving carbon intensity,
are calculated. The contribution potential refers to the ratio of the decrease of carbon intensity in
each energy structure optimization scenario relative to the target of the carbon intensity reduction.
The carbon intensity target is deemed to be a range, so that the calculated contribution potential is also
a range.
China set the target for carbon intensity to decline using 2005 as the base year, and the carbon
intensity in 2005 was 1.15 kg/RMB. If the carbon intensity declines by 40–45% from 2005 to 2020,
the carbon intensity must be reduced to 0.63–0.69 kg/RMB. If the carbon intensity in 2030 is 60–65%
lower than that in 2005, the carbon intensity must decline to 0.40–0.46 kg/RMB.
Figure 4 comprehensively reﬂects the energy structure optimization results under various
scenarios. The ﬁgure contains four graphs that reﬂect the predicted values of carbon intensity in
each scenario for 2020 and 2030, and their potential contributions to achieving the carbon intensity
targets. Among the graphs, Figure 4a,b provide the total amount of carbon dioxide emissions and
carbon intensity results under the various scenarios in 2020 and 2030, respectively. Figure 4c shows
the decrease in carbon intensity in each scenario between 2020 and 2030 compared to 2005. Figure 4d
shows the potential contribution of the structure optimization of energy consumption to achieving the
carbon intensity targets in the 2020 and 2030 scenarios.

Figure 4. Energy structure optimization results under all scenarios.
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Considering the results from Table 7, in 2020, the carbon intensity predicted by the unconstrained
scenario is 0.66 kg/RMB, a decrease of 42.39% from 2005; the carbon intensity of the policy-constrained
scenario is estimated to be 0.65 kg/RMB, a decrease of 43.74% from 2005; and the carbon intensity
predicted by the minimum external costs scenario is 0.66 kg/RMB, a decrease of 42.67% from 2005.
We can observe that the carbon intensity consequences predicted by the three scenarios are all within
the target range; the energy structure optimization achieves 100% of the carbon intensity target in all
scenarios, and the carbon intensity target for 2020 can be completely achieved.
In 2030, the carbon intensity predicted by the unconstrained scenario is 0.54 kg/RMB, which is a
decrease of 52.98% from 2005, with a potential contribution of 81.51–88.31% to achieving the carbon
intensity target. The carbon intensity of the policy-constrained scenario is 0.52 kg/RMB, which a
decrease of 54.61% from 2005, with a potential contribution of 84.01–91.01%. The carbon intensity
of the minimum external cost scenario is predicted to be 0.52 kg/RMB, which is 54.57% lower than
that of 2005, with a potential contribution of 84.56–91.61%. To achieve the carbon intensity target
for 2030, the carbon intensity must be reduced to 0.40–0.46 kg/RMB. We can observe that under the
three scenarios, all failed to achieve the carbon intensity target of 2030 by relying on energy structure
optimization; however, the contribution potential of energy structure optimization is greater than 80%.
By further implementing other measures to save energy and reduce emissions, it is very possible to
reach the goal of a 60–65% reduction in carbon intensity by 2030.
According to Table 6, the consumption proportion of natural gas is 10–11%, and that of oil is
20–25% in 2030. The proportion of oil is much higher than that of natural gas. It is known that natural
gas is a relatively clean fossil energy. Under the same standard, the CO2 produced by burning one
ton of coal is 30% more than oil, and 70% more than natural gas. That is, natural gas emits the least
amount of carbon dioxide when it generates the same amount of heat. According to the results of this
paper, the predicted energy structure optimization fails to achieve the carbon intensity target by 2030.
Therefore, as an efﬁcient, clean, and high-quality fossil energy, increasing the proportion of natural gas
consumption is one of the best choices to optimize the energy structure, improve energy efﬁciency,
and achieve the carbon intensity target [61]. In addition, in the process of achieving energy-saving and
emission reduction targets, natural gas has more cost advantages and technological advantages than
new clean energy such as wind energy and nuclear energy. It is less restricted by natural conditions
such as time and region. Natural gas has great potential in optimizing energy structure. At present,
natural gas is a lagging energy in China, and the reason is that the price is on the high side. In the
future, it will be necessary for the Chinese government to further strengthen the reform of natural gas
price market, to change the situation in which resources such as natural gas exploration, to import
channels and bargaining negotiations are highly concentrated in the three state-owned companies,
to open up the natural gas market, and to encourage more market institutions to participate in. Higher
market-oriented offshore LNG projects can also be used to increase the development and utilization of
unconventional natural gas, in order to increase the consumption proportion of natural gas.
Through a comparison of the prediction results for the three energy structure optimization
scenarios, the following conclusions are also obtained:
(1)

(2)

(3)

The scenario with the lowest predicted carbon intensity in 2020 is the policy-constrained scenario.
This scenario has the fewest total carbon emissions. Compared with the unconstrained scenario,
CO2 emissions will be reduced by 254.14 million tons in 2020 under the policy-constrained
scenario, which is equivalent to 92.71 million tons of standard coal.
The scenario with the lowest predicted carbon intensity in 2030 is the minimum external costs of
the carbon emissions scenario. This scenario has the least total carbon emissions. Compared with
the unconstrained scenario, CO2 emissions will decrease by 640.607 million tons in 2030, which is
equivalent to 233.7 million tons of standard coal.
The comparison of different scenarios in the same year shows that the best energy structure
optimization effect in 2020 occurs through the policy-constrained scenario. Coal consumption
in this scenario accounts for 55.8%. The best energy structure optimization effect in 2030 occurs
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(4)

(5)

through the minimum external costs of carbon emissions scenario, in which the coal consumption
accounts for 45%. The above two scenarios are the scenarios with the lowest proportion of
coal consumption in the same year. The reason for this result is perhaps that, compared with
other types of energy, coal has low caloriﬁc value and high unit carbon emissions, and it is a
poor-quality energy source. These characteristics indicate that reducing the proportion of coal
consumption is critical to achieving the carbon intensity targets.
The natural evolution of the energy consumption structure in 2020 will achieve the planned
target of less than 62% of coal consumption, but it will not meet the target of 10% of natural
gas consumption or 15% of non-fossil energy consumption. When the energy consumption
structure evolves in 2030, the proportion of natural gas consumption will just reach the 2020
planning goal. Although non-fossil energy consumption accounts for more than 15% of total
energy consumption, the target of 20% of consumption has not been achieved. All these scenarios
show that China’s current energy consumption transformation and upgrading process is slow,
and that the goal is still arduous. It is necessary to further increase the energy conversion rate
and upgrade energy technologies.
Based on the results shown in Table 7, under the state of sustained economic growth, the carbon
intensity in 2020 calculated under the three energy structure optimization scenarios will decrease
by 42.39–43.74% compared with 2005, and the carbon intensity target of 2020 can be successfully
realized. The calculated carbon intensity in 2030 will decrease by 52.98–54.97% compared with
2005, which is a gap of nearly 10% to achieve the carbon intensity target of 2030. An important
reason for this result is that coal is still the most important source of energy consumption in the
three scenarios, as shown in Figure 3. This indicates that the optimization of China’s energy
structure is not sufﬁcient and needs to be further strengthened. To achieve the carbon intensity
target by 2030, China needs to develop renewable energy vigorously, reduce the proportion
of coal, replace fossil energy with non-fossil energy, and replace coal with natural gas in fossil
energy, so as to promote low-carbon diversiﬁcation of energy structure and to realize sustainable
energy development.

6. Conclusions and Policy Suggestions
6.1. Conclusions
This paper studies China’s primary energy consumption structure based on the carbon intensity
targets for 2020 and 2030. First, primary energy consumption is predicted with a combined forecasting
model. The single forecast is generated using the GM (1, 1) model and GRNN model, and the single
model is weighted using the gray relational degree method to obtain the primary energy consumption
for 2017–2030. Furthermore, we compare China’s primary energy consumption predictions between
this study and others, as shown in Appendix B. Second, from the perspectives of natural evolution,
policy planning and cost, we set three scenarios to optimize the energy structure and obtain the
prediction results. Finally, we analyze the energy structure and its contribution to achieving the carbon
intensity targets in each scenario.
According to the above study, we can draw the following conclusions. (1) The estimated primary
energy consumption is 5.06 and 7.54 billion tce in 2020 and 2030, respectively. Combined with the
forecasting results of other studies, we can conclude that China’s primary energy consumption will
continue to grow over the next 14 years. (2) The carbon intensity target for 2020 can be achieved under
the unconstrained scenario, policy-constrained scenario and minimum external costs of the carbon
emissions scenario; among these scenarios, the predicted carbon intensity decreases the most and the
carbon emissions are the lowest under the policy-constrained scenario. (3) The carbon intensity target
will almost be attained in 2030 under the optimized energy structure in different scenarios, and so
further emission reduction efforts are still required. In 2030, the predicted carbon intensity will decrease
the most under the minimum external costs of the carbon emissions scenario, with a contribution
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potential of 84.56–91.61%. Under the unconstrained scenario, the predicted carbon intensity is 52.98%
lower than that in 2005, with a potential contribution of 81.51–88.31%. Under the policy-constrained
scenario, the predicted carbon intensity is 54.61% lower than that in 2005, with a contribution potential
of 84.01–91.01%. (4) To achieve the carbon intensity targets, it is necessary to further develop clean
energy and promote a change in the energy consumption structure from mainly coal in order to classify
the consumption of coal, oil, natural gas, and clean energy.
6.2. Policy Suggestions
Based on the above conclusions, we propose the following policy suggestions:
(1) Control the primary energy consumption and reduce coal consumption.
According to the forecasting results of our study, China’s primary energy consumption will
continue to grow over the next 14 years. To achieve the carbon intensity targets in 2020 and 2030,
controlling total energy consumption is a key measure. First, an overall national total primary energy
consumption plan should be made, and the energy consumption targets should be assigned to each
province according to equity principles and regional development strategies by taking full account
of the economic development level and the industrial structure of each province. Second, the local
government assessment systems should be improved, and the government and enterprises should be
supervised to accomplish the established targets of energy conservation and emission reduction.
In addition, the forecasting results show that coal consumption will account for more than 45% of
total energy consumption in 2030, which is still higher than the world average (30%). The excessive
proportion of coal has put increasing pressure on the environment and contributed to climate change.
To adjust the energy structure, total coal consumption should be controlled in key areas, such as
the Pearl River Delta, Yangtze River Delta, and Beijing–Tianjin region, by gradually phasing out or
upgrading coal-ﬁred power stations, strictly limiting the growth of new heavy industries based on
coal consumption, and promoting industrial equipment and technologies.
(2) Increase oil and natural gas consumption and develop renewable energy.
The proportion of oil and natural gas is relatively low in China’s energy consumption structure.
China has abundant oil resources, and given the monopoly of China’s oil market and the pressure
of large-scale oil imports to energy supply security, it is necessary to fully utilize the oil resources to
meet basic demands. Meanwhile, the development of the natural gas industry must be accelerated,
including the excavation of natural gas resources, introducing advanced technology and equipment,
speeding up the construction of domestic natural gas pipelines, and strengthening the cooperation
with neighboring countries regarding natural gas resources.
Based on the forecasting results of the energy consumption structure, it is clear that China’s energy
consumption is overly dependent on fossil fuels, which is not sustainable. Vigorously developing new
types of clean energies, such as hydropower, wind, solar, and nuclear, is necessary in order to achieve a
low-carbon economy. First, policy and ﬁnancial support for renewable energies should be strengthened.
Second, advanced foreign technologies should be introduced to the clean energy industry, and they
should help clean energy enterprises to improve their technological level. Meanwhile, increasing the
investment in Research and Development (R&D) in new energy ﬁelds is also signiﬁcant to reduce the
costs of renewable energy.
(3) Improve energy efﬁciency and develop carbon emissions reduction technology.
Given the conclusions of this study, energy structure optimization cannot fully achieve China’s
carbon intensity target by 2030. Thus, it is important to improve the energy efﬁciency and to develop
corresponding technology. First, energy waste should be reduced, and the efﬁciency of energy
deployment should be increased by further improving the reform of the energy price mechanism and
linking domestic energy prices with international energy prices. Second, it is also important to learn
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from the advanced experience in emission reduction in developed countries, and to establish a sound
legal system to supervise enterprises to reduce energy consumption and improve the efﬁciency of
energy use. Third, the uniﬁed carbon trading market should be developed, and carbon taxes levied,
in order to accelerate the green transformation of energy-intensive enterprises.
To develop carbon emissions reduction technology, ﬁnancial support should be given to adopt
environment-protecting technologies, and to formulate a sound low-carbon transition development
evaluation system. Meanwhile, carbon capture, utilization, and storage (CCUS) is an important
strategic choice for carbon reduction in China. Special funds and compensation mechanisms should be
established for CCUS as soon as possible.
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PDA model and IDA
model
Input–output model

Kaya model and the
LMDI model

Kaya model

STIPPRAT model
Expanded IPAT model
and decomposition
method
System dynamic analysis
ARIMA model

Decomposition analysis of factors
affecting CO2

China’s regional emission
embodiments

Decomposition of carbon emissions
from energy consumption

The area and factor decomposition of
carbon emissions

Analyze the impact factors of CO2
emissions in Guangdong province

Find the inﬂuencing factors and
calculate CO2 emissions

Investigate the energy consumption
and CO2 emissions trend

Forecast energy consumption and
GHG emission

Non-linear grey model

Rapid economic growth is the main determinant that results in increasing
CO2 emissions in Jiangsu province.

LMDI model

Carbon intensity factor
decomposition

Forecast Chinese carbon emissions

Population is the most important impact factor of CO2 emissions.
Industrialization level, urbanization level, energy consumption structure,
service level, and GDP per capita are also signiﬁcant impact factors.

LMDI model

Explore the driving forces for
reducing China’s CO2 emission
intensity

Main Results

Compared with other models, the TNGM (1, 2) has the smallest predicted
error, and the prediction results can be obtained from this model.

ARIMA (0,1,0) × (0,1,1) is the best model to forecast energy consumption.

The total energy consumption and CO2 emissions in 2020 are 1.6 and 1.9
times higher than 2008 ﬁgures.

In 2000 to 2004, developing countries had a greater share of emissions
growth than of emissions themselves.

The economic output effect makes the greatest contribution to the carbon
emissions from energy consumption in this stage in China. The population
scale effect and the industrial structure effect are positive, and the energy
intensity effect and energy structure effects are negative.

The paper combines the HEET approach and stepwise distribution analysis
to allocate the carbon emission reduction targets.

Economic activity is the main cause of substantial increases in carbon
dioxide emissions in China. Different driving factors affect carbon
emissions in different provinces.

In the long run, optimizing the energy structure and the industrial
structure is the fundamental way to reduce carbon intensity.

The decomposition results show that improvements in the energy intensity
of power generation, electricity intensity of GDP, and energy intensity of
GDP for other activities were mainly responsible for the success in
reducing China’s CO2 emission intensity.

Methodologies

Research Topics

Table A1. Summary of the aforementioned studies.
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Scenario analysis
Reactor model and
scenario analysis
Index analysis and
top-down model
GM (1,1) model and
STIPPRAT model
Dynamic Monte Carlo
simulation and scenario
analysis

Investigate clean energy targets

Discuss low-carbon energy policies at
the province level

Allocate the CO2 reduction target
regionally

Predict carbon emissions and carbon
intensity

Determine whether and how the
carbon intensity targets will be
realized from a sector-speciﬁc
perspective

System dynamics model

Stochastic frontier model

Examine the carbon intensity targets
of China and India in 2020

Examine the carbon intensity targets
of China in 2020

Nonparametric
metafrontier model

The estimation of the CO2 emission
efﬁciency and the potential emission
reduction

Extended Kaya model
and scenario analysis

DEA model

Estimate the energy efﬁciency,
potential emission reductions and
marginal abatement costs of energy
related CO2 emissions

Analyze the determining factors and
diverse scenarios of CO2 emissions
intensity reduction

The MESSAGE model
and the Grantham
Institute model

Forecast China’s carbon dioxide
emission

It is very possible for the industrial sector to achieve the 2020 and 2030
intensity-reduction targets.

China’s carbon intensity reduction targets in 2020 and 2030 can be met
under current policies.

Shanghai, Hebei, Shanxi, Shandong, Guangdong and Liaoning provinces
may undertake greater burdens to achieve the 45% intensity reduction
target by 2020.

Due to their different energy structures, Chinese provinces should evaluate
their own unique situations and how they relate to carbon emissions.

A 17% clean energy target can achieve the carbon intensity target of 2020
and exceed the IEA 450 ppm scenario.

The Chinese government can accomplish the target under carbon tax policy
scenario and integrated policy scenario.

The carbon intensity target for 2020 is very likely to be achieved in China.

China is likely to need to adopt ambitious carbon mitigation policies in
order to achieve its target; India’s target is less ambitious.

The potential CO2 emission reduction is 1687 million tons, and over half of
the potential emission reduction is caused by the technology gap.

Most provinces in China are not performing energy efﬁciently, and Hebei
and Shandong are the two provinces with the largest energy consumption
and have profound energy use reduction potential.

The total energy consumption and energy output for kiwifruit production
were 37.32 GJ ha−1 and 43.44 GJ ha−1 , respectively. The highest energy
consumption among all energy sources was by chemical fertilizers (mainly
nitrogen, with 45.61%).

Artiﬁcial neural
networks model

Main Results

Forecast and sensitivity analysis of
energy input and GHG emissions

Methodologies
The total energy consumption and energy output for kiwifruit production
were 37.32 GJ ha−1 and 43.44 GJ ha−1 , respectively. The highest energy
consumption among all energy sources was made by chemical fertilizers.

Research Topics

Table A1. Cont.
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Self-adaptive
MVO-SVM
Combined model

Authors

Exponential
Smoothing (ES)

Shen et al. [64]

Wang et al. [65]

-

(British Petroleum) BP [63]

484,701.00
482,657.50
493,987.50
467,364.20
483,929.90
506,356.51

494,740.00
455,300.00
419,100.00
454,200.00
518,900.00
458,300.00
649,900.00
617,100.00

United States scenario
United Kingdom scenario
Germany scenario
France scenario
Japan scenario
South Korea scenario
Baseline scenario

World Energy
Projections plus,
WEPS+

(Energy Information
Administration) EIA [62]

High economic growth
Low economic growth
High coal consumption
Low coal consumption
Reference case
-

2020
619,384.40
605,657.20
609,401.00
611,480.90
612,728.80

Scenarios
High economic growth
Low economic growth
High oil price
Low oil price
Reference case

Model

Authors

545,365.40
581,781.10
620,522.90
553,733.10
565,624.80
754,026.21

447,700.00
432,800.00
429,400.00
564,300.00
577,300.00
830,300.00
892,500.00

594,197.00

738,768.70
679,284.50
731,281.20
686,356.10
708,818.60

2030

Table A2. Comparison of China’s primary energy consumption predictions between this study and others. (unit: 104 tce).
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C.
Under the unconstrained scenario, the average transfer probability matrix P is:
⎡

⎤
0.9813 0.0055 0.0036 0.0095
⎢ 0.0035 0.9934 0.0024 0.00075 ⎥
⎢
⎥
P=⎢
⎥
⎣
⎦
0
0
1
0
0.0083
0
0.005 0.9867
D.
I The non-linear programming model under the minimum external costs of carbon emissions
scenario in 2020:
min f ( x ) = 354.81x1 + 276.46x2 + 210.49x3
⎧
x1 + x2 + x3 + x4 ≤ 506356.51
⎪
⎪
⎪
44
⎪
⎪
(
⎪ 0.7476x1 + 0.5825x2 + 0.4435x3 ) × 12 ≤ 1089917
⎪
⎪
4
⎪
⎪
⎪ 0.5 ≤ x1 / ∑ xi ≤ 0.6
⎪
⎪
⎪
i =1
⎪
⎨
4
s.t 0.2 ≤ x2 / ∑ xi ≤ 0.3
⎪
⎪
i =1
⎪
⎪
4
⎪
⎪
⎪
≤
x
/
0.06
⎪
3 ∑ xi ≤ 0.15
⎪
⎪
i =1
⎪
⎪
⎪
4
⎪
⎪
⎩ 0.15 ≤ x4 / ∑ xi ≤ 0.25
i =1

II The non-linear programming model under the minimum external costs of carbon emissions
scenario in 2030:
min f ( x ) = 354.81x1 + 276.46x2 + 210.49x3
⎧
x1 + x2 + x3 + x4 ≤ 754026.21
⎪
⎪
⎪
⎪
⎪ (0.7476x1 + 0.5825x2 + 0.4435x3 ) × 44
⎪
12 ≤ 1519418
⎪
⎪
⎪
⎪ 0.4 ≤ x / 4 x ≤ 0.5
⎪
⎪
1 ∑ i
⎪
⎪
i =1
⎪
⎨
4
s.t 0.25 ≤ x2 / ∑ xi ≤ 0.3
⎪
⎪
i =1
⎪
⎪
4
⎪
⎪
⎪
≤
x
/
0.10
∑ xi ≤ 0.20
⎪
3
⎪
⎪
i =1
⎪
⎪
⎪
4
⎪
⎪
⎩ 0.2 ≤ x4 / ∑ xi ≤ 0.25
i =1
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Abstract: As an essential measure to mitigate the CO2 emissions, China is constructing a nationwide
carbon emission trading (CET) market. The electric power industry is the ﬁrst sector that will
be introduced into this market, but the quota allocation scheme, as the key foundation of market
transactions, is still undetermined. This research employed the gross domestic product (GDP),
energy consumption, and electric generation data of 30 provinces from 2001 to 2015, a hybrid trend
forecasting model, and a three-indicator allocation model to measure the provincial quota allocation
for carbon emissions in China’s electric power sector. The conclusions drawn from the empirical
analysis can be summarized as follows: (1) The carbon emission peak in China’s electric power
sector will appear in 2027, and peak emissions will be 3.63 billion tons, which will surpass the total
carbon emissions of the European Union (EU) and approximately equal to 2/3 of the United States of
America (USA). (2) The developed provinces that are supported by traditional industries should take
more responsibility for carbon mitigation. (3) Nine provinces are expected to be the buyers in the CET
market. These provinces are mostly located in eastern China, and account for approximately 63.65%
of China’s carbon emissions generated by the electric power sector. (4) The long-distance electric
power transmission shifts the carbon emissions and then has an impact on the quotas allocation for
carbon emissions. (5) The development and effective utilization of clean power generation will play a
positive role for carbon mitigation in China’s electric sector.
Keywords: quotas allocation; carbon emissions; electric power industry; fairness

1. Introduction
China’s carbon emissions have grown rapidly in recent years, from 3511.84 million tons in 2001 to
9232.58 million tons in 2017, with an average annual growth rate of 6.23% [1]. China surpassed the
United States of America (USA) in 2006 to be the largest CO2 emitter in the world. At present, China’s
global CO2 emission share is as high as 27.61%, much larger than the second (USA, 15.21%) and the
third (India, 7.01%) largest emitters [1]. To control the global carbon emissions, and therefore mitigate
the aggravation of the greenhouse effect, the European Union (EU), as the traditional core force in
emission reduction, set a binding economy-wide domestic emission reductions target of at least 40% by
2030 compared to 1990 [2]. China has always maintained it will control its carbon emissions according
to responsibility and capability. To cooperate with the international community to mitigate the global
climate change, China pledged to achieve its peak CO2 emissions before 2030 and to make every
possible effort to peak earlier in its INDCs (Intended Nationally Determined Contributions) to the Paris
Agreement [3]. Besides, accompanied pollutants emitted with CO2 have been deteriorating China’s
local environments. More than 99% of the 500 largest cities in China do not satisfy the standards on
air quality suggested by the WHO (World Health Organization), and 7 cities of the 10 most polluted
Energies 2018, 11, 2256; doi:10.3390/en11092256
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cities worldwide are in China [4]. Therefore, China is facing tremendous pressure for carbon emission
mitigation from both internationally and domestically.
Carbon emissions generated by energy are regarded as the prime contributor to the greenhouse
effect, which is one of the most urgent issues around the world [5,6]. Due to resource endowments
and excessive development of coal-ﬁred power plants, thermal power generated more than 75% of
the total electricity from the foundation of the People s Republic of China from 1949 to the present [7].
In 2015, the carbon emissions resulting from thermal power plants were approximately 4212.68 million
tons in China (45.95% of China’s total), which far exceeded the country emissions of India (2218.43),
the Russian Federation (1483.18), Japan (1207.79), Germany (753.64), Canada (532.5), and many other
major emitters [1]. Fortunately, China’s power industry has great potential for carbon reduction.
Chinese carbon emissions per unit of electricity were almost 627 g/kWh in 2015 [7–9], which is still
far above that of the developed countries. As a major energy consumer and carbon emitter in China,
the electric power industry is expected to be the main force for China’s carbon mitigation, which is the
ﬁrst sector to be introduced into the carbon emission trading (CET) market in China.
CET is a market mechanism where the emitters can trade carbon emission rights as a commodity
to promote global greenhouse gas emissions reduction [10,11]. Since 1997, when Kyoto proposed
the concept of CET, it has been widely used and has achieved signiﬁcant emissions reduction effects
around the world. The European Union s carbon emissions trading system (EU-ETS), which was
started in 2005, is the biggest CET system worldwide [12]. By 2015, there have been 17 CET systems
spread across four continents, and the gross domestic product (GDP) of these systems has accounted for
40% of the global GDP. In December 2017, the NDRC (National Development and Reform Commission)
of China formally announced the launch of the nationwide CET market in the electric sector. The total
carbon emissions of CET in the electric industry will exceed 3 billion tons, outdistancing any other
CET in the world [13]. There is no doubt that CET in China’s power industry will play an essential
role in carbon emissions reduction.
The quota allocation for carbon emissions is an important part for the successful operation of CET,
which impact the price of carbon quotas and ensure the effectiveness of emissions reduction targets.
It is well known that there are great differences in economic development levels, natural resource
endowments, industry structure, and population across China. Therefore, the scientiﬁc and rational
quotas allocation for carbon emissions is even more important to facilitate the establishment of the
CET market in China’s electric industry. However, the quota allocation scheme, as the key foundation
of market transactions, is still undetermined. This research studies the quota allocation for carbon
emissions in China’s electric sector s CET from the perspective of capacity, responsibility, and potential
for carbon mitigation, which can exactly reﬂect the economic development, industrial structure,
and efﬁciency of carbon emissions, and then provide convincing evidence for quota allocation.
The traditional methods of carbon emission quota allocation can be defined as grandfathering [14,15],
benchmarking [16,17], auction [18,19], and so on. In addition to these traditional methods, an index
method based upon fairness and efﬁciency was developed into a single-index and a multiple-index
decision model. The latter is of particular interest to scholars because of the adaptive ability to
address multi-dimensional differences among objects [20]. Wen et al. designed a comprehensive
indicator model from the perspective of the capacity, responsibility, and potential for carbon emissions
reduction [21]. To exactly measure the carbon efﬁciency, Qin et al. introduced a multi-criteria model
combined with a weighted Russell direction distance model [22].
Apart from the method mentioned above, data envelopment analysis (DEA) is also a conspicuous
optimization method. For example, Zhou et al. presented a DEA model with multiple abatement
indexes considering the difference of marginal abatement cost in Chinese cities [23]. Based upon a
non-radial Zero Sum Gains Data Envelopment Analysis (ZSG-DEA) model, Miao et al. efﬁciently
allocated the carbon emission quota among Chinese provinces [24]. Zhou et al. introduced a DEA
model based on spatial-temporal allocation strategies [25], which considered the imbalanced economic
development and the discrepancy between development and carbon emissions. In addition, nonlinear
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programming and game theoretic approach have been advocated to explore optimal allocation of
carbon emission permits. Liu et al. minimized the cost of carbon reduction to optimize the allocation
for carbon emission quota based on a novel nonlinear programming method [26]. Stackelberg game
models were employed by Ren et al. to study the quotas allocation for carbon emissions between
the manufacturer and the retailer from the perspective of production [27]. An and Lee constructed a
Stackelberg framework on the basis of a newsvendor non-cooperative game, which makes the target
of carbon reduction come true by adjusting the individual and overall carbon quotas [28].
The current research related to carbon emission quota allocation is mainly concerned with the
allocation between countries or regions. Little research has focused on the quotas initial allocation
for carbon emissions from the perspective of industry, especially the power industry with a heavy
proportion of carbon emissions. This paper allocates carbon emission quota for the Chinese power
industry in 30 provinces from 2016 to 2030, providing a reference for China’s national CET. Considering
the striking differences that exist in the aspects of economics, resource endowment, and historical
emissions [29], this study selected per capita GDP, historical accumulated per capita accumulated CO2
emissions, and CO2 emissions per unit of electricity as indicators based upon capacity, responsibility,
and potential for carbon mitigation, respectively, to allocate the CO2 emission permission in the
power industry.
This study carefully introduces a three indicators allocation model for CET in China’s electric
industry in Section 2. The data and the calculation of three indicators are included in Section 2.
Section 3 describes the allocation results of the carbon emission quota. The detailed empirical analysis
is discussed in Section 4, and then some policy suggestions are put forward. Section 5 summarizes
conclusions of this paper.
2. Methods and Data
2.1. Methods
2.1.1. Hybrid Trend Forecasting Model for Carbon Emissions
To distribute the carbon quota in China’s power sector, the total carbon emissions in the power
sector (denoted as C) should be calculated ﬁrst. The change of C in China is mainly inﬂuenced by
three factors: carbon emissions per unit of electricity (denoted as H), electric consumption per unit
of GDP (denoted as P), and GDP. The above three variables are closely related to C. H is the most
efﬁcient factor for carbon mitigation. The decrease of H means lower carbon emissions are required to
meet the electric demand. With other variables remaining constant, the changes in P will affect the
total electricity consumption and hence the C. The impact of GDP on C is similar to that of P. Higher
GDP will increase electricity consumption and correspondingly the carbon emissions will increase if
other variables remain unchanged. Furthermore, GDP, P, and H cover all the possible factors (compose
C completely) that can be considered in energy policy making. Therefore, the relationship equation
between C and GDP, P, and H is described as
C

= GDP × P × H
E
= GDP × GDP
×

C
E

,

(1)

where C, GDP, and E are the carbon emissions in the Chinese electric power industry, the gross
domestic product, and electric generation of China, respectively.
In order to allocate carbon emission quota in China’s electric sector, a forecasting method must
be employed to predict GDP, P, and H in Equation (1). Inﬂuenced by economic and political factors,
the three explanatory variables related to carbon emissions do not show a single linear or exponential
relationship. The grey models, such as GM (1,1) which is a trend extrapolate method generated
by ﬁrst-order accumulation of single variate, are popularly used to predict a small sample trend.
Unfortunately, the representativeness of GM (1,1) on the exponential growth trend is very limited and
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cannot represent all the exponential growth trends. In other words, only when the time-series data
has a steady growth rate will GM (1,1) can have a good ﬁtting effect. Therefore, the grey prediction
methods commonly used in homogeneous equation prediction are not suitable for this study. In order
to forecast GDP, P, and H more exactly, this paper adopts a hybrid trend extrapolation model [30],
which can simultaneously ﬁt the linear trend, exponential trend, and the combination trend of the two.
The homogeneous exponential and the linear ﬁtting equations to a time series x(k), k = 1, 2, . . . , n,
can be denoted as x̂(k+1) = a x̂(k) and x̂(k) = ck + d, respectively. Then, the hybrid trend extrapolation
equation can be expressed as
'

x̂(k+1) = λ̂1 x̂(k) + λ̂2 k + λ̂3 , k = 1, 2, · · ·
,
x̂(1) = x(1) + λ̂4 ,

where λ̂1 , λ̂2 , λ̂3 , and λ̂4 are the estimated parameters.

(2)

⎡
⎤
x (1)
λ̂1
⎢ x
⎢
⎥
⎢
(2)
Firstly, the estimations of λ̂1 , λ̂2 , λ̂3 are calculated. Let λ̂ = ⎣ λ̂2 ⎦, B = ⎢
⎣ ···
λ̂3
x ( n −1)
⎡
⎤
x (2)
⎢ x
⎥
⎢
⎥
and Y = ⎢ (3) ⎥. Then, the estimation of λ̂ by ordinary least squares (OLS) is
⎣ ··· ⎦
x(n)
⎡

λ̂ = (B B)−1 BY,

1
2
···
n−1

1
1
···
1

⎤
⎥
⎥
⎥
⎦

(3)

By employing the results of the former parameters and the actual value of x(k) , the result of λ̂4 is
calculated as follows:

n −1

∑

λ̂4 =

k =1

k

k− j

x(k+1) − λ̂1k x(1) − λ̂2 ∑ jλ̂1
j =1

n −1

1 + ∑ λ̂1k

2

−

1−λ̂1k
λ̂
1−λ̂1 3

λ̂1k
,

(4)

k =1

Let k = 1, 2, . . . , in Equation (2), and the match value and predicting results to x(k) can be gained.
2.1.2. Principles and Indicators for Carbon Emission Quota Allocation Based on Equity
Based on the current studies, three indicators are selected from the perspectives of equity and
efﬁciency. This research selects per capita GDP, accumulated per capita carbon emissions from the
electric power sector, and CO2 emissions per unit of electricity as indicators, which reﬂect the capacity,
responsibility, and potential for carbon emissions reduction, respectively. Details of these criteria are
presented in Table 1.
(1) Carbon reduction capacity.
The economically developed provinces can better afford and are more willing for carbon reduction.
Wealthier regions have some essential conditions: sufﬁcient funds, advanced technologies, and the
relative optimized energy structure. In addition, the less-developed provinces are given priority to
develop economy and narrow the gap of regional economic development. This means richer provinces
with greater reduction ability will shoulder more responsibility for carbon emission-mitigation targets.
This indicator is effective to measure the economic development of each province. The developed
areas with higher per capita GDP will obtain fewer carbon emission quotas. Inversely, those regions
with less per capita GDP will get more carbon emission quotas. This research employed the mean per
capita GDP from 2011 to 2015 to quantify the economy of each province.
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(2) Carbon reduction responsibility.
This criterion reﬂects the historical egalitarian principle, which cannot be ignored for equitable
allocation for carbon emission quotas. The greenhouse gases emitted into the atmosphere cannot
disappear immediately, and the capacity of the atmosphere is limited. In this sense, the developed
provinces encroached on the future emission space of the developing provinces owing to the excessive
carbon emissions during the historic economic development. Therefore, the areas that had high carbon
emissions in the past should be given more responsibility for carbon mitigation and fewer carbon
quotas. Conversely, the regions with low CO2 emissions historically should get more carbon emission
quotas. In this study, the per capita accumulated carbon emission from 2011 to 2015 from the electric
industry is employed to quantify the responsibility for carbon reduction of each province.
(3) Carbon reduction potential.
Carbon reduction potential is based on the perspective of cost equity for carbon reduction, which
reﬂects the efﬁciency of energy utilization. For the economically developed areas, the technology of
energy saving and emission reduction is relatively mature with efﬁcient energy consumption, high cost
of carbon reduction, and less potential for carbon emission reduction. For the economically backward
provinces, the technology is relatively imperfect with poor efﬁcient energy utilization, less capital
investment into emissions mitigation, and more space for carbon emissions reduction. To minimize
social emission reduction costs, more carbon emission quotas should be assigned in developed regions
with higher emission reduction costs and less in developing regions with lower emission reduction
costs. This research employed the mean of CO2 emissions per unit of electricity from 2011 to 2015 to
quantify the potential for carbon mitigation of each province. The larger the indicator value, the lower
the carbon quota should be and vice versa.
Table 1. Principles of carbon emission allocation.
Interpretation

Indicator

Carbon reduction
capacity

Dimension

Economic
development

Principle

The developed provinces should
undertake more responsibility.

Per capita gross domestic
product (GDP)

Carbon reduction
responsibility

Historical
responsibility

Provinces with more historical
emissions should be more
responsible for carbon
mitigation.

Historical accumulated
per capita carbon
emissions

Carbon reduction
potential

Carbon emission
efﬁciency

Provinces with inefﬁcient energy
consumption should take more
responsibility.

Carbon efﬁciency

2.1.3. Allocation Model for Carbon Emission Quota
Multi-criteria allocation models for carbon emission quota have received prominence among
researchers because of their practicability. On the basis of the criteria introduced above, the allocation
model for carbon emission quota can be written as follows:
Yi,t = (W1i X1i + W2i X2i + W3i X3i ) × Ct ,

(5)

Yi,t is the carbon quota of province i in year t and W 1i , W 2i , and W 3i are the weights of three
indicators. X1i , X2i , and X3i are the percentage of per capita GDP, per capita accumulated CO2
emissions, and the mean of CO2 emissions per unit of electricity for province i, respectively. Since the
values of the three indicators are inversely related to their carbon quotas, this means that the bigger the
value is, the smaller the corresponding allocation will be. Therefore, this paper employs the following
formula to achieve.
(6)
z ji = − ln X ji , j = 1, 2, 3,
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Zji =

z ji
i =30

, j = 1, 2, 3,

(7)

∑ z ji

i =1

In addition, the Equation (5) could be written as
Yi,t = (W1i Z1i + W2i Z2i + W3i Z3i ) × Ct ,

(8)

The entropy method was employed to calculate the weight of each indicator. Shannon introduced
the deﬁnition of entropy ﬁrstly into information theory, and it has been extensively employed in many
ﬁelds, such as engineering technology and social economy [31]. As a means to measure the disorder of
the system, the basic idea of the entropy is to measure the objective weight based on the variability
of the indicator [22]. In general, if the entropy of a certain index is smaller, it means that the greater
the extent of variation of the index value, then the wealthier the information will be that is provided
and it may play a more important role in the comprehensive evaluation and have greater weight.
Inversely, the bigger the entropy of an indicator is, the smaller is the extent of variation of the indicator
value, the poorer is the amount of information provided, the more insigniﬁcant is the role played in
the system evaluation, and the smaller is the weight of the index. The steps can be concluded brieﬂy
as follows:
(1) Data normalization.
Since the measurement units of various indexes are not uniﬁed, it is necessary to normalize
the data ﬁrst. In other words, data normalization converts the absolute value of the index into a
relative value so as to solve the homogeneity problem of different quality index values. In addition,
the normalized processes of the positive and negative index value are different. The bigger value
is better for positive indicators, but the smaller value is better for negative indicators. In addition,
different algorithms should be employed to normalize the data for the two kinds of indexes, which are
shown as follows:
Positive indicator:
xki − min| xk |
(k = 1, 2, 3; i = 1, 2, . . . 30),
max| xki | − min| xk |

(9)

max| xk | − xki
(k = 1, 2, . . . 3; i = 1, 2, . . . 30),
max| xk | − min| xk |

(10)


=
xki

Negative indicator:

=
xki

(2)

Calculate the share of sample i in indicator k.

xki

uki =

n


∑ xki

,

(11)

i =1
30

where ∑ uki = 1.
i =1

(3)

Calculate the entropy value of the indicator k.
30

ek = −(ln 30)−1 ∑ uki ln(uki ),
i =1

If uik = 0, then it can stipulate that uki ln(uki ) = 0.
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(4) Calculate the weights of indicator.
1 − ek

Wk =

3

, (k = 1, 2, . . . 3),

(13)

∑ (1 − e k )

k =1

At this point, the weights of indexes in Equation (8) can be obtained.
2.2. Data
2.2.1. Measure of Carbon Emissions
Since the data of carbon emissions from the electric sector have never been provided in China,
it had to be calculated through the actual data of energy consumption [32]. Considering the consistency
of the statistical caliber and proportion of energy consumption in the 30 provinces from the power
industry, this paper selected nine energy sources: natural gas, reﬁnery gas, fuel oil, diesel, crude oil,
coke oven gas, other washed coal, cleaned coal, and raw coal. The carbon emissions can be obtained
as follows,
CO2 = FCi × NCVi × CCi × OFi ×

44
,
12

(14)

FCi is the energy consumption (standard coal measurement). NCVi is mean the net heating value
factor [33]. CCi is the carbon content of energy selected from Intergovernmental Panel on Climate
Change (IPCC) [34], which were widely used to estimate carbon emissions. OFi is carbon oxidation
coefﬁcient, which is generally 100%; 44
12 is the ratio of mass between a CO2 molecule and a C atom.
This paper employed the average value of “Middling” and “Peat” to represent the NCV of washed
coal [35], because its composition is complex and uncertain. Similarly, the NCV of washed coal was
replaced by the average NCV of “Oilﬁeld Gas” and “Gasﬁeld Gas”.
2.2.2. Data
To forecast the total carbon emissions in China’s electric industry, this research employed the
annual data of GDP, energy consumption, and electricity generation in the Chinese power sector
from 2001 to 2015. For the quota allocation to carbon emissions, the annual data of GDP, population,
and energy consumption in the power industry of each province from 2011 to 2015 were collected
from the China Statistical Yearbook (2012–2016). It should be noted that the price index was employed
to reduce the impact of price ﬂuctuation. In this article, energy consumption in thermal power
represented the data of the electric industry. Energy consumption in the electric industry of each
province and the total were, respectively, from the China Energy Statistical Yearbook (2012–2016) and the
China Statistical Yearbook (2002–2016). Considering the data availability, this paper selected the related
data of 30 provinces.
3. Results
3.1. The Results of Carbon Emission Trends
To obtain the trend of C in Equation (1), a hybrid extrapolation method was employed to forecast
the values of GDP, P, and H, respectively. Using the data of GDP, P, and H, the parameters were
estimated and the trend extrapolation equations for GDP, P, and H were calculated, respectively,
as follows:
'
G D̂P(k+1) = 0.4638G D̂P(k) + 347.7759k + 5721.8756, k = 1, 2, · · ·
,
(15)
G D̂P(1) = GDP(1) − 121.0431
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'
'

P̂(k+1) = 0.4923 P̂(k) + 0.006k + 0.0831, k = 1, 2, · · ·
,
P̂(1) = P(1) − 0.0026

(16)

Ĥ(k+1) = 0.3656 Ĥ(k) − 8.9538k + 413.4115, k = 1, 2, · · ·
, (k = 1, 2, . . . m),
Ĥ(1) = H(1) − 0.9802

(17)

Let k = 1~14 and k = 15~29 in Equations (12)–(14). Then, the ﬁtting and forecasting results of the
GDP, P, and H in years 2001–2015 and 2016–2030 were obtained, respectively, as shown in Figure 1a–c.

Figure 1. Fitting and forecasting results to the GDP, electric consumption per unit of GDP (P),
and carbon emissions per unit of electricity (H).

Figure 1a–c show that the historical trend, ﬁtting results, and the forecasting trend of GDP, P, and
H, respectively. As shown in Figure 1a,b, the GDP and P will keep growing before 2030. For GDP,
it will increase to 22.43 and 28.92 (eliminating the effects of inﬂation) trillion yuan in 2020 and 2030,
respectively. For P, it will increase to 0.39 and 0.49 kWh/yuan in 2020 and 2030, respectively, which
is equal to 2 and 2.5 times of US s, respectively, and the average annual growth rate is still strong.
This means that the electricity consumption required for the growth unit GDP is increased. H measures
the efﬁciency of electric generation. Contrary to GDP and P, the future trend of H is presenting a
visible decreasing trend, which indicates the generation of electricity is becoming more efﬁcient; this is
conducive to realizing the sustainability development of China.
Based on the ﬁtting and forecasting results to GDP, P, and H above and in Equation (1), the trend
of carbon emissions in the electric industry was obtained, as is shown in Figure 2. The forecasting
results show that the carbon emissions in the electric industry exhibit an increasing trend from 2016 to
2027 with the growth rate decreasing. The carbon emission peak in China’s electric power industry will
appear in 2027 and peak emissions are 3.63 billion tons, which will surpass the total carbon emissions
of the EU and approximately equal 2/3 of the USA (their carbon emissions have remained stable
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in recent years). The results indicate that China may achieve their commitment at the Paris climate
conference, which is to attain a peak on carbon emissions before 2030.

Figure 2. Fitting and forecasting results for the carbon emissions in the electric power industry.

3.2. Results of Quota Allocation to Carbon Emissions
The weights of indicators were obtained by Equations (9)–(13) and the results are listed in Table 2.
For the three indicators, the proportion of carbon reduction responsibility is heaviest, which is high at
0.4011; the carbon reduction potential is smallest and the weight of carbon reduction capacity is in
the middle.
Table 2. Weights for indicators.

Value

W1

W2

W3

0.3420

0.4011

0.2569

The indexes of CO2 emission quota allocation of each province for the years 2016 to 2030 are listed
in Table 3, which represent the share of CO2 emission quota of each province in each year. For example,
the index of Beijing is 0.0343, which indicates the quota from Beijing accounts for 3.43% of China’s
total in each year. The larger the value is, the higher the carbon emission quota will be, and the smaller
the value, the lower the carbon emission quota will be. As can be seen from Table 3, Sichuan has the
highest proportion at 4.12% and the smallest, 2.28%, is in Ningxia.
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Table 3. Provincial shares for carbon emission quota.
Province

Share

Province

Share

Province

Share

Beijing
Tianjin
Hebei
Shanxi
Inner Mongolia
Liaoning
Jilin
Heilongjiang
Shanghai
Jiangsu

0.0343
0.0271
0.0351
0.0304
0.0236
0.0320
0.0316
0.0340
0.0293
0.0315

Zhejiang
Anhui
Fujian
Jiangxi
Shandong
Henan
Hubei
Hunan
Guangdong
Guangxi

0.0323
0.0354
0.0330
0.0374
0.0338
0.0361
0.0322
0.0396
0.0357
0.0394

Hainan
Chongqing
Sichuan
Guizhou
Yunnan
Shaanxi
Gansu
Qinghai
Ningxia
Xinjiang

0.0274
0.0366
0.0408
0.0360
0.0412
0.0333
0.0353
0.0329
0.0228
0.0298

Figure 3 shows the summated carbon emission quota from 2016 to 2030 on the three indicators
and the total of the three components of the provinces examined in this paper. A larger carbon
emission quota indicates a smaller emission reduction obligation, and a smaller carbon emission quota
indicates more responsibility for emission reduction. For example, Yunnan has the largest carbon
emission quota, indicating that it bears less emission reduction duty and can focus on developing
the economy. The CO2 emission quota of Inner Mongolia is the lowest, which indicates that the total
scores of the comprehensive index on carbon reduction capacity, responsibilities for emission reduction,
and potential for emission reduction are all high, therefore, Inner Mongolia must shoulder a heavier
burden for emission reduction.

Figure 3. Carbon emission quota on indicators and the total for each province.

There are differences in economic development, historical carbon emissions, and power generation
technologies among the provinces. Therefore, the carbon emission quota allocation obtained in terms
of carbon emission reduction capacity, responsibilities, and potential also show great differences.
223

Energies 2018, 11, 2256

For carbon emission reduction capacity, Hainan, Beijing, Tianjin, and Shanghai have higher per
capita GDP and a stronger ability for carbon mitigation, therefore, these provinces have lower carbon
quotas for carbon emission reduction capacity; those provinces with low per capita GDP, such as
Guizhou and Yunnan, have higher carbon emission quota allocation for their low carbon emission
reduction capability. On the basis of responsibility for carbon mitigation, per capita accumulated carbon
emissions of Xinjiang, Shanxi, Ningxia, and Inner Mongolia are high in the period of investigation,
so they should be more responsible for the target of carbon reduction and accordingly, their carbon
emission quotas are small; in contrast, the provinces where the per capita accumulated carbon
emissions in the investigated period are low will take less carbon reduction responsibility and
obtain more carbon quotas in this indicator. For the indicator of the potential for carbon emissions
reduction, the indicator values of Ningxia, Hainan, Qinghai, Xinjiang, Tianjin, et al. are relatively
high, which indicates that these provinces have more potential for carbon emission reduction, so they
obtained lower carbon quotas in this aspect; the carbon emissions per unit of electricity in Sichuan and
Guangdong are relatively high and the potential for carbon mitigation is smaller, therefore, the quota
obtained from carbon reduction potential are higher.
4. Discussion
Further study of the relationship between carbon emission quotas and actual carbon emissions
is essential for China’s electric industry s CET market. To obtain the actual carbon emissions of each
province from2016 to 2030, this study employed the mean of the carbon emission share from 2011
to 2015 as the actual carbon emission proportion from 2016 to 2030. In addition, the carbon quota
remainder of each province can be deﬁned as the difference between the total carbon quota and actual
carbon emissions in 2016–2030, as demonstrated in Figure 4.

Figure 4. Carbon emission quota remainder of each province.
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Based on the value of carbon quota remainder, these provinces can be divided into three types:
surplus, balance, and loss. For the positive value of carbon quota remainder, the carbon quota is bigger
than the actual carbon emissions, in other words, the carbon quota of these provinces has a surplus.
The greater the value of the carbon quote remainder, the more surplus will be obtained, such as in
Beijing, Tianjin, etc., so these areas are expected to become the sellers in the CET market. When the
value of carbon quota is zero, the carbon quota is equal to the actual carbon emission so the carbon
quota is in balance. Considering the development of the economy and technology, theses provinces
have a certain self-regulation, hence, Anhui, Ningxia, and Xinjiang are considered to be in states of
equilibrium. For the negative values of the carbon quota remainder, the carbon quota is less than actual
carbon emission. The carbon quota of the province suffers a loss and the smaller the value, the greater
the loss will be, such as in Inner Mongolia, Jiangsu, Shandong, etc., these areas are excepted to be the
buyers in CET market. As shown in Figure 4, 70% of the investigated provinces will be in balance
or have a surplus, but there are nine provinces that will have a loss: Guangdong, Hubei, Shandong,
Zhejiang, Jiangsu, Inner Mongolia, Hebei, Henan, and Shanxi.
For the nine provinces, there are different features in economic development, industrial structure,
and efﬁciency of electric generation and resource endowments, which lead to diverse reasons for their
carbon emission quota being in a loss. The main reasons are summarized as follows:
(1) Economy is developed. The provinces with a developed economy, which have high per capita
GDP, can provide more sufﬁcient ﬁnancial guarantees for the research technology to reduce carbon
emissions than do those regions with less economic development. Hence, developed economies
obtained lower carbon quota, such as those in Jiangsu, Zhejiang, Inner Mongolia, and Guangdong.
Those provinces that are abundant in carbon quotas but have a high per capita GDP should also
contribute to carbon reduction because they have stronger capacity for carbon reduction, for example,
Hainan, Beijing, Shanghai, Tianjin, Sichuan, and Liaoning.
(2) Actual carbon emission is huge. These provinces are the major carbon emitters in China and
account for approximately 63.65 percent of China’s carbon emissions generated by the power sector.
Of the nine provinces, the total actual carbon emissions will all exceed 200 million tons except Xinjiang.
(3) Electric generation is inefﬁcient. More carbon emissions generated per unit power means
that the carbon emissions reduction is a potential, such as in Inner Mongolia, Xinjiang, and Hubei.
Correspondingly, these provinces should bear more duty, and the carbon quota by this province is
small. It should be noted that there are some provinces with surplus carbon quotas but with inefﬁcient
electric generation, such as Ningxia, Hainan, Tianjin, Qinghai, Jilin, Shanghai, and Beijing, which will
also be responsible for reducing emissions. For those provinces, research and introduction of advanced
electric generation technology is essential to mitigate carbon emissions.
(4) The share of traditional industries is high. These provinces are supported by traditional
industries. The contribution of the traditional industries output of nine provinces was more than 61%
during 2011 to 2015, and for three provinces, Guangdong, Shandong, and Jiangsu, it was more than
10% [6]. In addition, the traditional industries are dependent on electricity consumption, which mainly
includes mining, manufacturing, electricity, gas and water production and supply, and construction.
This explains the high carbon emissions in these provinces. For these provinces, accelerating industrial
transformation and upgrading will ease the pressure on carbon emissions mitigation.
(5) The carbon emissions are shifted. The long-distance electric power transmission shifts the
carbon emissions, and then has an impact on the quotas allocation for carbon emissions. It is well
known that there are is a great diversity in resource endowments in China. In order to alleviate the
connection between energy shortage and economic development in the east, China carried out the
“West-East electricity transmission project”, transforming the rich energy resources into electric power
resources in the west and transporting them to the east coastal areas. This policy is conducive to the
transformation of western energy resources advantages into economic advantages while relieving the
pressure on the environment and transportation. However, this policy put the electric power output
provinces at a disadvantage in carbon emission quota allocation. Those provinces generated more
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actual carbon emissions for electric power output and need to bear more carbon emission reduction
duty, which means less carbon emission quota remainder than they should obtain. For example, Inner
Mongolia and Shanxi, as sellers in the power market, provide a large amount of electricity for Beijing,
Tianjin, and Hebei, leading to more carbon emissions, heavier carbon mitigation responsibility, and less
carbon quota remainder. However, Beijing, Tianjin, and Hebei, as buyers in the power market, use part
of the power with zero carbon emissions. This is equivalent to transferring carbon emissions from
power buyers to the sellers and shifting the responsibility for carbon reduction too.
Figure 5 demonstrates the geographical location based on the carbon quota remainder.
From Figure 5 it can be seen that the provinces in balance and in surplus are almost all located
in the western, central, and northeast regions, while the provinces in loss are almost all in the east.

Figure 5. Geographical distribution of carbon quota remainder.

For the developed provinces in the east, the demands of electricity are enormous, but the electric
generation is inefﬁcient, so a large amount of carbon emission is inevitably produced. As the main force
of carbon emission reduction, these provinces undertake more responsibility for emission reduction.
This measure is conducive to research or introduction of advanced power generation technologies,
restriction of the progress of carbon intensive enterprises, acceleration of industrial transformation and
upgrading, and vigorous development of a low-carbon economy. The provinces with surplus carbon
quota remainder located in the western and central regions lag behind in economic development.
The CET market can bring economic beneﬁts to these provinces and provide economic security for the
introduction of advanced technologies to enhance electric generation efﬁciency.
5. Conclusions
As an essential measure to mitigate the CO2 emissions, China is constructing a nationwide CET
market. The electric power industry is the ﬁrst sector which was introduced into this market, but the
quota allocation scheme, as the key foundation of market transactions, is still undetermined. To guide
the development of the CET market, this paper researched the issue of carbon quota allocation in the
electric power industry of China’s 30 provinces from 2016 to 2030.
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This research employed the GDP and energy consumption and electric generation data of 30
provinces from 2001 to 2015 and a three-indicator allocation model to measure the provincial quota
allocation for carbon emissions in China’s electric sector. Furthermore, a hybrid trend forecasting
model combined with a decomposition model was also used to predict the carbon emissions from the
electric power sector. The conclusions drawn from empirical analyses are as follow: (1) The carbon
emission peak in China’s electric sector will appear in 2027 and peak emissions are 3.63 billion tons,
which will surpass the total carbon emissions of the EU and approximately equal 2/3 of the USA.
(2) The developed provinces driven by traditional industries will take more responsibility for carbon
mitigation because of the excessive historical carbon emissions and high capacity for carbon reduction.
(3) Nine provinces are expected to be the buyers in the CET market. These provinces are mostly located
in eastern China, and account for approximately 63.65% of China’s CO2 emissions from the electric
sector. (4) The long-distance electric power transmission shifts the carbon emissions, and then impacts
the quotas allocation. (5) The development and effective utilization of clean power generation will
play a positive role for carbon mitigation in China’s electric sector, which will reduce the percentage of
electricity generation from fossil fuels, and then cut down carbon emissions.
Based on the above analysis, the following policy recommendations are put forward:
(1) Advanced power generation technologies should be advocated. The fundamental way to
achieve carbon emission reduction is to make the power generation efﬁcient, regardless of the provinces
with a carbon quota loss such as Inner Mongolia, or provinces with surplus carbon allowances, such as
Tianjin, Liaoning, and Jilin.
(2) Financial support and transfer payment. The provinces with greater carbon reduction
responsibility are mostly featured with single industrial structures and inefﬁcient electrical generation.
However, technological improvement is a long process and cannot be accomplished overnight. Hence,
provinces devoting themselves to mitigating the carbon emissions should be incented economically.
Particularly, the government should provide ﬁnancial assistance to these regions. Furthermore, as both
the production provinces and the consumption provinces beneﬁt from the interprovincial transmission,
they should share the newly added emission cost. The transfer payment led by the government is a
feasible measure.
(3) Regional cooperation. Regional cooperation is an essential means to achieve emission reduction
targets. Buyers in the CET market are likely to be sellers in the electricity market. Buyers of carbon
quotas can reduce the pressure of emission reduction, while sellers can obtain advanced power
generation technologies and economic beneﬁts. Not only can provinces achieve the goal of emission
reduction, but also help to narrow the economic gap between regions and coordinate common
regional development.
(4) Actively develop clean power generation. China is vast and rich in clean energy. Hydropower,
wind power, solar power, and other clean power resources are abundant, but the utilization rate is low
at present. For example, the degree of hydropower development in China is about 10~18%, which is far
below the world average level of 22% and the level of 50~100% in developed countries. Furthermore,
the utilization of clean energy is insufﬁcient. In 2016, the abandoned electricity generated by water,
wind, and light reached up to 100 billion kWh. Actively developing and sufﬁciently utilizing clean
energy can reduce the share of thermal power, which will be conducive to the achievement of China’s
carbon mitigation goal and the improvement of the ecological environment.
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Abstract: In order to solve the optimization problem of the reﬁned oil distribution system from the
perspectives of low-carbon and environmental protection, this paper focuses on the characteristics of
the secondary distribution of reﬁned oil and combines it with the integrated optimization concept of
reﬁned oil distribution network, where a low-carbon inventory routing problem (LCIRP) model is
constructed with the minimum total costs as the objective function on the basis of considering carbon
emissions. An adaptive genetic algorithm combined with greedy algorithm is designed to solve the
model, and an example is given to verify the effectiveness of the algorithm. Then, this paper solves
the model with two parts by introducing a practical numerical example: in the ﬁrst part, the LCIRP
models with different carbon tax values are solved, which veriﬁes the effectiveness of the model
and proves that carbon tax policies can effectively reduce the carbon emissions in the secondary
distribution network of reﬁned oil; in the second part, the LCIRP models with the different maximum
load capacity of oil tank trucks are solved, which provides the economic and environmentally friendly
distribution schemes for reﬁned oil distribution enterprises under the premise of carbon tax policies
and load limitation. Finally, the emission reduction proposals that take into account both economic
and environmental beneﬁts are given respectively from the aspect of government environmental
protection agencies and from the aspect of reﬁned oil distribution enterprises.
Keywords: reﬁned oil distribution; inventory routing problem; hybrid genetic algorithm;
carbon emissions; carbon tax

1. Introduction
As a special energy commodity, petroleum plays a decisive role in the national economy and
people’s livelihood in a country [1]. The distribution of reﬁned oil refers to the entire logistics process
of transporting reﬁned oil from the oil reﬁnery to consumers, which connects the oil reﬁning company,
distribution oil depots and sales outlets (gas stations). In addition, the distribution of reﬁned oil can be
divided into two stages: primary distribution and secondary distribution. A primary distribution refers
to the process of transporting reﬁned oil from the reﬁnery to distribution oil depots, and secondary
distribution refers to the process of transporting reﬁned oil from a distribution oil depot to gas
stations [2]. The secondary distribution of reﬁned oil has the characteristics of small quantity and
multiple batches. With the intensiﬁcation of global market competition, the importance and necessity of
a highly efﬁcient distribution network integration strategy have begun to become prominent. How to
achieve the reduction of transportation costs and the improvement of distribution efﬁciency in the
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inventory routing problem (IRP) of gas stations in a region has gradually become a core problem in
corporate distribution management. At the same time, the combinatorial optimization research on the
IRP of reﬁned oil secondary distribution has also become the focus of many scholars.
In order to meet the needs of economic development, gas stations need a continuous supply of
reﬁned oil, but the transport of small quantity and multiple batches poses a series of threats to the
ecological environment. The transportation of petrochemical products will generate a large amount of
carbon emissions, which will lead to the increase of greenhouse gases, exacerbating air pollution and
the greenhouse effect [3,4]. With the continuous promulgation of the carbon tax and other regulatory
policies, the low-carbon transportation is imperative [5]. Therefore, it is necessary to optimize the
design of the reﬁned oil distribution network while considering the constraints of efﬁciency and
environment, thus reaching a balanced state of economic efﬁciency and environmental beneﬁts to
achieve a win-win situation.
The remaining parts of this paper are organized as follows. In the next section, a literature review
on the reﬁned oil distribution optimization problem, as well as the balance between carbon reduction
and cost optimization, is presented. Section 3 discusses the construction of the low-carbon IRP (LCIRP)
model. The hybrid genetic algorithm is introduced to solve the model in Section 4. Section 5 gives
a numerical experiment and results analysis. Finally, Section 6 concludes this paper and presents
expectations for future work.
2. Literature Review
Since the main idea of the current research is to balance carbon emission reduction and cost
optimization in IRP of reﬁned oil logistics. We review the studies in two ﬁelds: reﬁned oil distribution
optimization and the balance between carbon reduction and cost optimization.
2.1. Reﬁned Oil Distribution Optimization
Federgruen and Zipkin [6] ﬁrst explicitly proposed the inventory routing problem (IRP) in 1984.
They optimized the inventory routing scheme of the supply chain through scientiﬁcally making
decisions about retailer’s order quantity, order cycle, and route arrangement. In the same period,
Golden et al. [7] also made a similar study. The ratio of the current inventory level to the storage
capacity was used to describe the urgency of distribution demands, and a heuristic algorithm was
designed to solve the problem.
With the improvement of the research level, the research of IRP has shown a trend of increasing
complexity of the problem, and the depth and breadth of the problem have been extended.
Avella et al. [8] studied the oil transportation problem with limited distribution resources (limited
vehicles and limited drivers). A heuristic algorithm combined with the branch pricing algorithm was
designed, which can be solved quickly. Moreover, they illustrated the effectiveness of the algorithm
by multiple sets of real-world examples. Cornillier et al. [9–11] has been devoted to the study of IRP.
They constructed mathematical models from the perspectives of multi-period distribution, distribution
with time windows, multiple oil depot distribution and so on, and designed efﬁcient algorithms
to solve them. For the vehicle routing problem in the distribution of reﬁned oil, Dai et al. [12]
designed a human–computer interactively solving method based on a two-phase heuristic algorithm.
Ma et al. [13] proposed a mathematical model with the shortest driving path and high full load rate
as the optimization goals for the secondary distribution of reﬁned oil, and the improved genetic
algorithm was used to solve the model. Bocto et al. [14] designed several heuristic algorithms to solve
the mathematical model for the problem of replenishment at gas stations, the simulation and real data
were applied to verify the effectiveness of the algorithms respectively. Zhen et al. [15] studied the
distribution of reﬁned oil from the perspective of third-party logistics and introduced a combinatorial
auction mechanism to construct a mixed-integer programming model with the objective of minimizing
costs. A heuristic algorithm was devised to solve the problem. Popovic et al. [16] aimed at IRP in the
reﬁned oil logistics. An improved variable neighborhood search algorithm was introduced to solve the
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joint optimization model of the inventory and routing. In the case of known distribution routes and
limited number of vehicles, Li et al. [2] introduced the concept of order neighborhood into reﬁned oil
distribution and established the optimization model of reﬁned oil distribution route based on order
neighborhood. The model was solved by an improved quantum genetic algorithm. Wang et al. [17]
divided the secondary distribution of reﬁned oil into two modes: one claimed that the different oil
products required by a gas station was permitted to be separated and distributed by several vehicles,
and the other must be entirely delivered by one single vehicle. According to the two modes, two kinds
of distribution sub-models were derived on the basis of the basic model of the product oil multi-cabin
distribution with time window, and they proposed an ant colony and tabu search hybrid algorithm
(ACO-TS) to solve models.
2.2. The Balance between Carbon Emission Reduction and Cost Optimization
Environmental protection has been an issue of serious concern for many years [18]. In the
perspectives of carbon tax and other series of carbon policies, many scholars pay attention to the
trade-off between costs and carbon emissions in the optimization of low-carbon logistics.
Jabali et al. [19] studied the trade-off between carbon emissions and travel time in time-dependent
vehicle routing problems and discussed the boundaries of carbon emissions in transportation.
Elhedhli et al. [20] embedded carbon emission costs into the design costs of supply chain network, in
which the calculation of carbon emissions was modeled by considering the vehicle weight. The test
results indicate that the design scheme of supply chain network considering the carbon emission costs
will has a great change. Wang et al. [21] proposed a multi-objective optimization model for the network
design of green supply chain. The economic costs and carbon emissions in the network design of
supply chain were taken into account, and the choice of facility location and transportation mode were
determined by the intensity of emission reduction. Tsai et al. [22] presented a mixed activity-based
costing decision model for green airline ﬂeet planning. They analyzed the impact of carbon emissions
on operating costs of aviation logistics under the constraints of the European Union Emissions Trading
Scheme. Jaber et al. [23] studied the cooperation between buyers and sellers based on minimizing
carbon emissions, and numerical analysis showed that carbon tax was a very effective way to control
carbon emissions. The impacts of carbon regulatory mechanisms on replenishment decisions in a
biofuel supply chain were analyzed by Palak et al. [24]. They employed the mathematical models to
capture the trade-offs that exist between costs and emissions due to inventory and transportation.
In short, based on the above two parts of the analysis, there are many studies on combination
optimization in reﬁned oil logistics. At the same time, the research on the optimization
design of low-carbon supply chains is abundant under carbon tax and other regulatory policies.
However, there is no research on the low carbonation of IRP in reﬁned oil logistics. In the
existing reﬁned oil logistics researches, whether it is the basic IRP or the variant problem of
IRP, most of them only aim at the optimization of operating costs and rarely consider carbon
emissions. However, with the gradual deepening of the concept of sustainable development and
the implementation of a number of energy-saving and emission reduction policies, carbon emission
in the optimization of reﬁned oil distribution network has become a problem to be solved urgently.
In view of this, this paper proposes a green and environmental protection model that considers
carbon emissions in the optimization of reﬁned oil logistics networks: the low-carbon inventory
routing problem (LCIRP) model. An adaptive genetic algorithm combined with greedy algorithm
is designed to solve the model. Finally, the effectiveness and feasibility of the model are veriﬁed by
numerical experiments.
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3. Model Formulation
3.1. Problem Description
The LCIRP model of reﬁned oil distribution studied in this paper can be described as follows.
An oil depot distributes reﬁned oil to different gas stations through oil tank trucks. The location of
each gas station is known, and a limited number of oil tank trucks start from the oil depot and return
after the distribution tasks have been completed. Based on meeting the inventory requirements of gas
stations and the constraint of the trucks load, the LCIRP model with the minimum comprehensive
costs is constructed by considering the ﬁxed costs, transportation costs, shortage costs, inventory costs,
penalty costs, and carbon emission costs in the distribution process. Then, we hope to obtain the
economic and environmental-friendly distribution plan under the premise of ensuring the delivery
services are completed.
3.2. Parameters and Variables
According to the needs of building the model, this paper sets the following parameters and
variables, as shown in Table 1.
Table 1. The meaning of parameters and variables.
Parameters
and Variables
V
K
I0
R
h0
M
C0
Qk
v
ri
cijk
hi
Ck
μ1
μ2
Qijk
tsi
dij
tijk

tik
bi
Ii
CM
[ ETi , LTi ]
ρ
ρ0
e0
ρ∗
Yk
yik
xijk

Meaning
The collection of nodes, 1, 2, . . . , V is the serial number of gas stations, 0 represents oil depot,
V { n|n = 0, 1, 2, . . . , |V |}
The collection of oil tank trucks owned by oil depot, K { k |k = 1, 2, . . . , |K |}
The initial inventory of oil depot
The actual amount of completed delivery of the oil depot
The inventory rates of oil depot (the inventory costs of unit cargoes for unit time)
The ﬁxed cost of using the oil depot
The carbon tax on unit carbon emissions
The maximum load allowed for oil tank truck k
The speed of oil tank trucks
The demand of gas station i
The transportation costs for unit distance when the oil tank truck k from node i to node j
The inventory rates of gas station i, h0 < hi
The ﬁxed cost of oil tank truck k
The waiting costs for unit time when the oil tank truck arrives at gas station node in advance
The penalty costs for unit time when the oil tank truck is late to gas station node
The weight of the loaded cargoes when the oil tank truck k travels between node i and node j
The time required for oil tank trucks to serve gas station i
The transport distance from node i to node j
The travel time of oil tank truck k from node i to node j
The time to arrive at the node i for oil tank truck k
The unit shortage cost for gas station i
The inventory of gas station i after distribution
The carbon emissions from oil tank truck during the distribution process
Time window required by gas station i (namely, the range of time)
The fuel consumption of oil tank truck for unit distance
The fuel consumption for unit distance when oil tank truck is empty
The carbon emissions generated by unit fuel consumption
The fuel consumption for unit distance when oil tank truck is fully loaded
Yk = 1 represents oil tank truck k is used in oil depot, otherwise Yk = 0
yik = 1 represents the oil tank truck k serves the gas station i, otherwise yik = 0
xijk = 1 represents the oil tank truck k passes through the road between node i and node j,
otherwise xijk = 0
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3.3. Model Development
The LCIRP model of reﬁned oil distribution constructed in this paper takes the total costs
minimum as the objective function. Firstly, we need to analyze the sub-costs, and then the total
costs of the IRP are determined by the various sub-costs.
3.3.1. Objective Function Analysis of Model
1.

Fixed Costs
The ﬁxed costs C1 in the LCIRP model can be expressed as
C1 = M +

∑ Ck Yk

(1)

k∈K

where C1 contains the ﬁxed costs of using oil depots and oil tank trucks, which mainly includes routine
maintenance, depreciation expenses as well as labor costs for drivers and other employees.
2.

Transportation Costs

Under the inﬂuence of fuel consumption, maintenance and other factors, the transportation costs
are proportional to the travel mileage of the trucks. The transportation costs C2 in the LCIRP model
can be expressed as
C2 = ∑ ∑ cijk xijk dij Yk
(2)
k ∈K i,j∈V

3.

Shortage Costs
The shortage costs of gas stations are proportional to the shortage volume in the current period.
C3 = bi max{0, ri − Ii }

4.

(3)

Penalty Costs

When sudden events such as urban trafﬁc jam, trucks breakdown and other emergencies occur,
oil tank trucks may be unable to reach the destination within the time range required by gas stations
(affected by inventory capacity and safety inventory of the gas stations, reﬁned oil need to be sent to
gas stations between the earliest delivery time and the latest delivery time). If oil tank trucks cannot
arrive on time, it is necessary to pay a certain amount of penalty costs C4 .
C4 =

∑ ∑

k ∈K i ∈V \{0}

(
)
(
)
μ1 max ETi − tik , 0 + μ2 max tik − LTi , 0

(4)

(
)
where max ETi − tkj , 0 indicates the advance arrival time for oil tank truck k services gas station i;
(
)
max tik − LTi , 0 indicates the late time for oil tank truck k services gas station i.
5.

Inventory Costs

Distribution activity occurs at the end of each distribution cycle and before the start of next cycle.
The inventory costs of oil depot can be expressed as:

H0 = h0 ( I0 − R), R =
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i ∈V \{0}

ri ∑

j ∈V
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(5)
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Due to the different inventory between the beginning of the delivery cycle and the end of the
delivery cycle, the average inventory is used to calculate the inventory costs of the gas station i, which
is denoted by Hi .
*

1
(6)
Hi = hi Ii − min{ri , Ii }
2
The inventory costs C5 consist of two parts: the inventory costs of oil depot and the inventory
costs of the gas station.
⎛
C5 = h0 ⎝ I0 −
6.

∑

ri ∑

xijk

j ∈V

i ∈V \{0}

⎞
⎠+

*

1
hi Ii − min{ri , Ii }
2
i ∈V \{0}

∑

(7)

Carbon Emission Costs

Carbon emissions during the distribution and transportation process of reﬁned oil are mainly
caused by fuel consumption.
The linear function formula of fuel consumption in per unit distance ρ( X ) is introduced in
this paper.
ρ ∗ − ρ0
X
(8)
ρ ( X ) = ρ0 +
Q
Therefore, the carbon emissions can be expressed as follows:
CM = e0 ρ Qijk dij , (0 ≤ Qijk ≤ Qk )

(9)

The carbon emission costs of the LCIRP model C6 shown as follows:


C6 = C0 ∑ ∑ ∑ xijk dij e0 ρ Qijk

(10)

k ∈ K i ∈V j ∈V

3.3.2. LCIRP Model Setting
Based on the analysis in Section 3.3.1, the LCIRP model of reﬁned oil distribution constructed in
this paper is as follows:
*
minC =




M + ∑ Ck Yk
k∈K

+

∑ cijk xijk dij Yk

∑

k ∈K i,j∈V

+(bi max{0, ri − Ii })
+

∑

(
)
(
)
μ1 max ETi − tik , 0 + μ2 max tik − LTi , 0


∑

k ∈K i ∈V \{0}

+h0 I0 −

ri ∑ xijk
∑
i ∈V \{0}
j∈V
+C0 ∑ ∑ ∑ xijk dij e0 ρ Qijk
k ∈ K i ∈V j ∈V
Subject to

∑ ∑

k ∈K j∈V \{0}

∑

j ∈V {0}

k
x0j
=

i ∈V

∑

i ∈V \{0}
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(11)

+ ∑ hi Ii − 12 min{ri , Ii }
 i∈V \{0}

xijk = 1, ∀i ∈ V

∑ xijk = ∑ xkji ,

i ∈V



(12)

∀ j ∈ V \{0}

(13)

k
xi0
= 1, ∀k ∈ K

(14)
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∑

i ∈V \{0}

ri ∑ xijk
j ∈V

≤ I0 , ∀k ∈ K

Qijk ≤ Qk xijk , i = j, ∀i ∈ V, ∀ j ∈ V, ∀k ∈ K
xijk

+

x kji

≤ 1, ∀i ∈ V \{0}, ∀ j ∈ V \{0}, ∀k ∈ K

tkj = tik + tsi + tijk , ∀i ∈ V, ∀ j ∈ V, ∀k ∈ K

(15)
(16)
(17)
(18)

The objective function of the model is to minimize the total costs, as shown in (11). Constraint (12)
imposes the attention that there is only one oil tank truck provides delivery service for each gas station.
Constraint (13) indicates the balance of oil tank trucks that entering and leaving each gas station.
All oil tank trucks start from the oil depot and return to the oil depot after the distribution tasks are
completed, and their operation is shown in (14). Constraint (15) represents that the delivery volume is
limited by the remaining stock of the oil depot. Furthermore, the delivery volume is limited by the
loading capacity of oil tank truck, as mentioned in (16). Constraint (17) is introduced to eliminate the
sub-loops. The continuity of the travel time of oil tank trucks is emphasized in (18).
4. Algorithm Design
Genetic algorithm is a random parallel search algorithm based on the principles of natural
selection and genetics, which is a more effective method for solving NP-Hard problem [25,26].
However, traditional genetic algorithm often has the disadvantages of slow convergence rate,
easy falling into local optimum, and low optimization accuracy. Therefore, the goal of the continuous
improvement of genetic algorithm is how to improve the convergence rate of the algorithm while
ensuring the diversity of population, so that the optimization result is close to the optimal solution.
In this paper, we propose an improved adaptive genetic algorithm combined with greedy algorithm
(Hybrid Genetic Algorithm, HGA) to solve the LCIRP model. The following improvements have been
made based on traditional genetic algorithms.
4.1. Combining Greedy Algorithm to Generate Initial Population
In traditional genetic algorithm, the initial population that is generated by a stochastic method
has a low individual ﬁtness, which will restrict the convergence rate of the algorithm to a certain
extent. The greedy algorithm is used to optimize the initial individuals in this paper, which means
the advantage of greedy algorithm in local optimization is utilized to generate new individuals.
First, we select a gas station randomly and add it into individual. Then, the nearest gas station to
the current gas station should be found through searching for all gas stations that have not been
added to the individual, and it will be added into the individual as the current location. The initially
optimized individual can be got by continuing searching the nearest gas station until all gas stations
are added into the individual. The initial population generated by the greedy algorithm does not
lose randomness, and its overall quality is improved, which helps to bring higher optimization speed.
After we get the initial population, what we need to do is optimizing each initial individual by the
genetic algorithm. In each iteration process, the ﬁtness of the individuals should be calculated at ﬁrst,
and then the selection, crossover, and mutation operations are performed in sequence.
4.2. Adaptive Adjustment Mechanism of Crossover Probability
In the evolution of the traditional genetic algorithm, crossover probability pc and mutation
probability pm are often set to ﬁxed numbers [27]. However, parameters such as pc and pm are the
key factors that affect the performance of the genetic algorithm [28]. Many researches have studied
the adaptive calculation of parameters such as crossover probability and mutation probability of the
genetic algorithm [27,29–31]. On the basis of these, the adaptive adjustment mechanisms are set up for
pc and pm in this paper.
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Crossover operation promotes the continuous updating of the population, and the size of pc
determines the updating rate of individuals. If the pc is too large, it will destroy the excellent genetic
modes. If the pc is too small, the search speed of the algorithm will be slow, and the population will be
difﬁcult to evolve. In the early stages of evolution, in order to expand the overall search range and
increase the updating speed of population, the value of pc should be increased. In the later stages
of evolution, the overall solution set of population tends to be stable, so pc should be appropriately
reduced to keep the superior gene structures preserved. In addition, the crossover operator can change
or even destroy the gene structures. For individuals with poor ﬁtness, it should be set higher pc because
more participation in crossover operation is beneﬁt to its continuous optimization. Correspondingly,
for individuals with higher ﬁtness, the probability of crossover operation should be smaller in order
to prevent the destruction of the gene structures. Based on the above analysis, we set the following
adjustment mechanisms:
*

⎧
fi − f
⎨ maxp − (maxp − minp ) g +
, fi ≥ f ;
c
c
c
2G
2( f max − f )
pci =
⎩
maxpc , f i < f .

maxpc =

(19)

⎧
⎪
⎨

0.9, g ≤ G/4
0.8, G/4 < g ≤ 3G/4
⎪
⎩ 0.7, 3G/4 < g ≤ G.

(20)

where pci is the probability that crossover operation occurs on the individual i, a higher crossover
probability is given in the early evolution and the crossover probability is decreased in the later
stages of evolution; G is the maximum iteration number during evolution; g is the current iteration
number; the value of maxpc is related to the current iteration number, minpc = 0.6; f i is the ﬁtness of
individual i, f max is the maximum ﬁtness value of all individuals, and f is the average ﬁtness value of
the current population.
4.3. Adaptive Adjustment Mechanism of Mutation Probability
The mutation of population will be affected by pm , and the proper mutation of individuals
can maintain the diversity of the population and prevent it from falling into a local optimum.
However, if pm is too large, the algorithm is similar to random search and loses the characteristic
of genetic evolution. From the two aspects of genetic evolution number and the ﬁtness values of
individuals, an adjusting formula for mutation probability is established.

pmi

*

⎧
fi − f
⎨ minp + (maxp − minp ) g +
, fi ≥ f ;
m
m
m
2G
2( f max − f )
=
⎩
minpm , f i < f .

(21)

where pmi is the probability that mutation occurs on the individual i. From the Formula (21), it can be
seen that the smaller the ﬁtness values of individuals, the less the possibility of mutation. With the
increase in the iteration number, individuals tend to have a similar genetic structure, which is likely
to fall into a local optimum. In order to avoid this situation, the mutation probability of individuals
should be appropriately increased to encourage the emergence of new individuals and maintain
individuals’ diversity. We set maxpm = 0.005, minpm has been adjusted with the change of iteration
number, which is shown as follows:
⎧
⎪
0.001, g ≤ G/4;
⎨
(22)
minpm =
0.002, G/4 < g ≤ 3G/4;
⎪
⎩ 0.003, 3G/4 < g ≤ G.
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In the early stages of evolution, individuals are less likely to occur mutation; in the later stages of
evolution, the higher mutation probability of individuals is conducive to expanding the search scope
and jumping out of local optimum.
Based on the above analysis, the basic process of the improved algorithm designed in this paper
is illustrated in Figure 1.
Starting
Chromosomes
coding
Combining greedy algorithm to
generate initial population

Fi : the fitness of individual i;
Zi : The corresponding objective
function value of individual i.

Generating feasible initial
population

Crossover
operation
Fitness evaluation:Fi =1/Zi

Selection
strategy

Mutation
operation

The roulette and elitist
reservation selection strategy
Adaptive adjustment
mechanism of crossover
probability

If the generation of the
new population reaches
the pre-set
evolutionary
generation,the iteration is
stopped

Adaptive adjustment
mechanism of mutation
probability

Whether the
termination criterion
is met˛

N

Y
Stop iteration and get the
best population

The chromosome with
the highest fitness
values in the current
population is the
optimal solution

End

Figure 1. Basic process of hybrid genetic algorithm.

5. Experimental Design and Result Analysis
The example veriﬁcation includes two parts: First, the HGA proposed in this paper is tested in
Section 5.1 by using the typical VRP test question database. Second, in Section 5.2, the effectiveness
of the LCIRP model is veriﬁed by an actual example of distribution problem in a reﬁned oil
logistics enterprise.
5.1. Algorithm Experiment
In this section, the typical test question database that is called Benchmark Problems [32] is used to
verify the effectiveness of the proposed HGA. There are six test examples listed in the test question
database (that is, R1, C1, RC1, R2, C2, and RC2), and this paper randomly selects two problems from
each type of examples to form test data sets, which are solved by the traditional genetic algorithm (GA),
the cycle evolutionary genetic algorithm (CEGA) [5], and HGA proposed in this paper. The results are
shown in Table 2.
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Table 2. Experimental results of HGA and other algorithms.
GA

Examples

CEGA

HGA

The Number of Trucks

Distance

The Number of Trucks

Distance

The Number of Trucks

Distance

19
9
10
10
14
10
6
4
3
4
5
4

1701.92
996.31
881.23
879.37
1789.36
1396.51
1242.34
1137.54
643.57
685.43
1517.68
1259.31

18
9
10
10
14
10
3
3
3
4
4
3

1647.32
982.14
831.58
828.94
1696.94
1139.82
1191.70
939.34
591.56
654.91
1389.37
1061.14

18
9
10
10
14
10
4
3
3
3
4
3

1613.56
983.68
824.78
828.94
1634.29
1139.82
1176.39
939.34
591.56
588.49
1297.19
1061.14

R1-01
R1-12
C1-04
C1-05
RC1-01
RC1-08
R2-02
R2-10
C2-01
C2-06
RC2-05
RC2-07

As can be seen from Table 2, when solving the above 12 examples, the results obtained by HGA
are 100% better than the results obtained by GA, and nearly 91.7% are better than the results obtained
by CEGA. Therefore, the HGA proposed in this paper is very competitive in solving the test examples.
5.2. Model Experiment
In this paper, the data of the reﬁned oil distribution from an oil transportation company
(hereinafter referred to as OTC) are introduced to verify the LCIRP model. The OTC needs to transport
the reﬁned oil in the oil depot to gas stations. The initial stock of the oil depot is 20 thousand cubic
meters, and the oil depot coordinates are (54, 41). The demand for reﬁned oil at 19 gas stations in
a certain area should be met by the oil depot, the location of the gas stations and the information
of the inventory and demand are shown in Table 3. All distribution tasks are carried out by road
transportation, and all roads are non-forbidden roads. The service time for all gas stations is set as
30 min, and the parameters of oil tank truck are shown in Table 4. Other parameters are set as shown
in Table 5 with referring to the literatures [33–35].
Table 3. Demand Information of gas stations.
Demand
Point

x Coordinate

y Coordinate

Maximum
Inventory (m3 )

Current
Inventory (m3 )

Minimum
Demand (m3 )

Consumption
Rate (m3 /min)

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19

91
82
10
73
7
36
64
96
23
68
20
81
6
90
79
95
25
36
25

71
82
7
26
6
38
31
80
32
27
66
37
14
46
74
84
6
24
22

32
33
16
21
21
48
30
48
49
36
39
31
32
30
32
42
14
40
48

11.52598
11.22246
7.62968
8.392063
7.830946
17.93179
10.20813
20.32358
20.03141
13.00829
13.17007
11.61286
12.32107
14.30075
11.34801
15.63903
4.683246
16.78833
21.44084

11.52598
11.22246
7.62968
8.392063
7.830946
17.93179
10.20813
20.32358
20.03141
13.00829
13.17007
11.61286
12.32107
14.30075
11.34801
15.63903
4.683246
16.78833
21.44084

0.024012
0.02338
0.015895
0.017483
0.016314
0.037358
0.021267
0.042341
0.042982
0.027101
0.027438
0.024193
0.025669
0.029793
0.023642
0.032581
0.009757
0.034976
0.044668
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Table 4. The parameters of oil tank truck.
Parameter

Parameter Value

Parameter

Parameter Value

Outline dimension (mm)
Total mass (kg)
The number of tires
Swept volume (L)

12,350 × 2500 × 3850
40,000
12
4.0

Tank volume (m3 )
Rated load capacity (kg)
Rated power (kw)
Integrated fuel consumption (L/km)

51
33,400
335
0.4

Table 5. Model parameter settings.
Parameter

Parameter Value

M
h0
hi
Ck
bi
μ1
μ2
v
ρ0
e0
ρ∗

200 CNY/d
32 CNY/t·d
50 CNY/t·d
100 CNY/d
1000 CNY/t
30 CNY/h
40 CNY/h
20 km/h
0.23 L/km
2.83 kg/L
0.45 L/km

5.2.1. Results with Different Carbon Tax Values
We set the value of carbon tax C0 (unit: CNY/kg) from 0 to 25 in the model with referring to the
literatures [5,36]. Each C0 value is taken into the model to solve 10 times and the numerical value of
the scheme with the optimal objective function is recorded, and then results can be obtained, as in
Figures 2–4. Figure 2 is a line chart showing the changing trends of transportation costs, inventory
costs, penalty costs, ﬁxed costs, and carbon emission costs as carbon tax increases. It is possible to
visually observe in detail the trend of each sub-cost changes as the carbon tax changes. Figure 3 is
a stacked area chart showing the trend of total costs and each sub-cost changes as the carbon tax
changes. The trends of total costs and carbon emissions change as carbon taxes increase, which are
shown in Figure 4.

Figure 2. The line chart that shows the changing trends of each sub-cost as the carbon tax changes.
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Figure 3. The stacked area chart that shows the changing trends of total cost and each sub-cost as the
carbon tax changes.

Figure 4. The line chart that shows the changing trends of total cost and carbon emissions as the carbon
tax changes.

From the results in Figures 2–4, we can observe the following ﬁndings:
(1)

(2)

All sub-costs in the distribution schemes have changed with the gradual increase of the carbon
tax. The carbon emission costs, inventory costs, and penalty costs increase with the increase of
carbon tax, of which the carbon emission costs change the most. However, the ﬁxed costs and
transportation costs decrease with the increase of carbon tax. According to Formula (2) and (10),
it can be seen that both carbon emission costs and transportation costs are directly proportional
to the transport distance. The model with the minimum total costs as the objective function will
restrain the growth trend of carbon emission costs by optimizing the transport distance. At the
same time, the reduction of the transport distance leads to the decrease of transportation costs.
In addition, the Formula (10) shows that carbon emission costs are directly proportional to carbon
emissions. In order to reduce the substantial increase in carbon emission costs, the model reduces
the carbon emissions by optimizing the number of oil tank trucks, which also leads to a reduction
in ﬁxed costs.
The proportion of each sub-cost in the total costs of distribution schemes has changed with the
gradual increase of the carbon tax. The proportion of carbon emission costs in the total costs
increases with the increase of the carbon tax, while the proportions of the remaining sub-costs in
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(3)

the total cost decrease with the increase of the carbon tax. The Formula (10) shows that carbon
emission costs are directly proportional to carbon tax value, and the substantial increase in the
carbon emission costs contributes to the increase in the total costs. Therefore, the proportion
of carbon emission costs in total costs continues to increase. Although the inventory costs and
penalty costs increase with the increase of carbon tax, the total costs increase more greatly, so the
proportions of the sub-costs in the total costs are reduced.
With the increase of carbon tax, the overall carbon emissions are on a downward trend, and the
total costs are on the rise. From Figure 4, we can see that when the carbon tax changes in
three different ranges, the carbon emissions will have different trends. When C0 ∈ [0, 4],
carbon emissions remain unchanged because the carbon tax is too small at this time and the
carbon emission costs account for a very small proportion of the total costs. When C0 ∈ (4, 21),
there is continuous reduction in carbon emissions because the proportion of carbon emission
costs in total costs increases gradually with the increase of carbon tax value. The model with the
minimum cost as the objective function will continue to be optimized and the dramatic increase
in costs is controlled by reducing carbon emissions. When C0 ∈ [21, 25], carbon emissions remain
basically unchanged, the carbon tax value is very large at this time, and the carbon emission
costs account for a large proportion of the total costs. The model with the minimum costs as
the objective function has continuously optimized the carbon emissions to the minimum, so the
carbon emissions remain unchanged. In summary, we can draw the conclusion that the carbon
tax policy can reduce carbon emissions, but it will lead to the growth of distribution costs.

5.2.2. Results with the Different Maximum Load Capacity of Oil Tank Trucks
In this section, the carbon tax C0 = 12 is taken as example to further analyze the impact of
different maximum load capacity of oil tank trucks on carbon emissions and distribution schemes.
The maximum load capacity of oil tank truck is set to 40, 50 and 60 (m3 ), and then three groups of
distribution schemes data are obtained respectively (each group is solved ten times, and the best
schemes are selected), as shown in Table 6.
Table 6. Distribution schemes with the different maximum load capacity of oil tank trucks.
Load
Capacity (m3 )

The Number
of Truck

40

8

50

6

60

5

Distribution Scheme

Total Costs
(CNY)

Carbon
Emissions (kg)

5747.57

166.07

4517.73

135.24

4076.22

125.02

0-8-16-0
0-7-17-13-0
0-10-9-0
0-4-18-0
0-18-9-11-0
0-1-8-16-0
0-19-13-5-0

0-14-1-15-0
0-12-2-0
0-6-3-5-0
0-19-11-0
0-12-14-2-0
0-7-6-17-3-0
0-10-4-15-0
0-19-3-5-0
0-14-11-13-0
0-1-8-16-2-0

0-6-9-18-17-0
0-7-10-4-12-15-0

From the results in Table 6, we can observe the following ﬁndings:
(1)

When the oil tank trucks with different maximum load capacity are selected for distribution,
the number of trucks used in the distribution schemes will be changed. The delivery scheme
needs to meet the minimum demand of each gas station to maintain the current inventory,
and also to meet the potential demand time window of each gas station (the gas stations must be
serviced before the current inventory is used up). Therefore, when the maximum load capacity
of oil tank trucks is different, the model with the minimum costs as the objective function will
choose different number of trucks. From Table 6, it can be seen that the greater the maximum
load capacity of oil tank trucks, the smaller the number of trucks used.
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(2)

When the oil tank trucks with different maximum load capacity are selected for distribution,
the total costs and carbon emissions will be affected. As shown in Table 6, when the oil tank
trucks with the larger load capacity are used to distribution, the total costs of the distribution
scheme are smaller as well as carbon emissions are relatively smaller.

5.3. Discussion and Analysis
For the inventory routing problem in the distribution process of reﬁned oil, the LCIRP model is
proposed in this paper to aim at the combination optimization of inventory and distribution. By taking
the minimum total costs including carbon emission costs as the objective function, the distribution
scheme that takes into account both economic and environmental beneﬁts can be obtained, thereby
achieving “green and low-carbon” energy distribution. However, from Section 5.2.1, we can see
that the total costs of the distribution scheme have increased signiﬁcantly with the increase of the
carbon tax, which shows that is necessary to pay a certain economic costs for the realization of
green and low-carbon logistics transportation under the trend of global warming. Through the
analysis in Section 5.2.2, we know that under the development environment of energy-saving and
emission-reduction, energy transport enterprises can use the delivery trucks with the appropriate load
capacity to alleviate the increase in the total costs caused by the increase of carbon emission costs.
Government environmental protection agencies can adopt carbon tax policies and
emission-reduction incentive policies to guide and encourage energy transportation enterprises to carry
out energy conservation and emission reduction. Firstly, what they should do is to formulate carbon
tax policies suitable for economic development in different industries, and strengthen supervision and
monitoring of carbon emissions, thus urging enterprises to raise awareness of green and low-carbon.
Secondly, the government can formulate a series of emission reduction incentive policies based on
the current economic development status in different industries. The enterprises that have taken the
initiative to save energy and reduce emissions should be subsidized, which will alleviate their pressure
on the increase of operating costs caused by the carbon tax policies. This paper ﬁnds that carbon
emissions remain basically unchanged when C0 ∈ [21, 25] in Section 5.2.1. It means that the carbon tax
policy has limitation to reduce carbon emissions. In this situation, the government may use other ways
such as subsidies to reduce carbon emissions. Thirdly, the government may think about supporting
and promoting the development of low-carbon equipment. Meanwhile, the low-carbon operation
companies with greater inﬂuence in the industries should be rewarded to form a demonstration effect
of the low-carbon economy. Finally, the green and low-carbon consumption preferences need to be
guided from the consumer side, which means that a “national low-carbon” consumption concept is
established from the source of market demand.
Energy transport enterprises can adopt a series of appropriate optimization measures to balance
economic and environmental beneﬁts. First, it might make sense to introduce carbon emissions into
the optimization of inventory routing problems for energy distribution and choose an optimization
distribution scheme that takes into account both emission reduction and costs. Second, some measures
can be taken to alleviate the pressure of costs increase brought by carbon regulatory policies, such as
optimizing inventory management costs, distribution batch and distribution volume, choosing the
type of transport truck reasonably (in line with the requirements of road weight restriction), and so on.
Third, energy transport enterprises should respond to the low-carbon policies of the government and
its industry associations and actively adopt low-carbon operation mode and transport equipment.
6. Conclusions
Simple inventory control and transportation strategy are classic problems studied over
a long period of time in operational research. There are ideal solution algorithms for the
models corresponding to most practical problems. However, there is little research on the joint
optimization of inventory and transportation in reﬁned oil logistics, especially IRP from a low-carbon
perspective. With the aggravation of global warming and environmental pollution, low-carbon and
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environmentally friendly economies have become the development trends for the whole world. In the
secondary distribution logistics network of reﬁned oil with the characteristics of small quantity
and multiple batches, countless gas stations require a continuous supply of reﬁned oil, but energy
transportation is accompanied by a large amount of carbon emissions. Under the background of
carbon tax and other carbon regulatory policies that have been continuously enacted by governments
around the world, it is necessary to optimize the secondary distribution network of reﬁned oil
while taking into account both economic and environmental beneﬁts. In this paper, the LCIRP
model is designed for inventory routing problem in the distribution process of reﬁned oil, and an
improved adaptive genetic algorithm combined with greedy algorithm is introduced to solve the
model. Moreover, the numerical experiments are used to verify the effectiveness of the algorithm.
Then, a practical example is introduced for simulation, and the effectiveness of the model is veriﬁed.
The experimental results prove that the carbon tax policies can effectively reduce the carbon emissions
in the distribution network of reﬁned oil on the premise of paying a certain economic costs. In addition,
the impact of the maximum load capacity of oil tank trucks on the distribution scheme is also analyzed.
However, in the actual distribution environment, the uncertainty of many parameters will
affect the output of LCIRP model and then affect the optimal distribution scheme. In this paper,
we develop our study from the perspective of the carbon tax policies. Carbon-constrained methods
have a very signiﬁcant contribution to emission reduction, but the implementation of mandatory
carbon-constraints is hardly recognized by enterprises. For future research work, we will further study
the emission-reduction optimization of reﬁned oil distribution under various policies such as carbon
supervision and carbon subsidy.
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Abstract: Studying the characteristics, trends, and evolution of carbon emissions in agricultural
related sectors is of great signiﬁcance for rational formulation of carbon emission reduction policies.
However, as an important carbon emission reduction policy, carbon tax has been controversial
over whether or not it should be levied on China. Based on this consideration, this paper
takes China’s agricultural related sectors as an example and analyzes the degree of carbon tax
on macro-environment, macroeconomy, and agricultural sectors during the period 2020–2050 by
constructing a 3EAD-CGE (economy-energy-environmental-agricultural-dynamics Computable
General Equilibrium) model. The results show that: (1) carbon tax has a time effect, speciﬁcally, the
short-term effect is better than the long-term. (2) If the incremental rate of carbon tax is carried out
alone, it will exert a great inﬂuence on the macroeconomy as well as on most of the agricultural related
sectors. (3) If a carbon tax is introduced at the same time as indirect taxes are cut (proportionally), the
policy will exert a negative impact on agriculture-related sectors that are subsidized. However, the
policy will have a positive impact on those nonsubsidized sectors. Finally, based on the results, we
put forward some suggestions that are more suitable for the introduction of a carbon tax in China’s
agricultural-related sectors.
Keywords: agricultural-related sectors; carbon emissions; carbon tax; China

1. Introduction
At present, China’s economy has further developed. However, there is no denying that economic
development has also brought various negative consequences, such as an energy crisis (from supply)
and environmental pollution problems, which are inseparable from the current extensive economic
development [1]. Because the energy and environmental problems are without borders, the extensive
mode of economic development has brought huge challenges for sustainable global development,
Energies 2018, 11, 2296; doi:10.3390/en11092296
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especially the global climate issue. More and more countries have realized that economic development
accompanied by CO2 emissions has caused a huge challenge to the biosphere [2]. China produces
large amounts of CO2 ; the environmental effects of CO2 cannot be ignored. In order to deal with the
challenges of global climate change, more and more countries are trying to create their own low carbon
development strategies to minimize emissions of CO2 at the national level [3].
As one of the key solutions to global climate change, low-carbon policies have gained more
and more popularity among countries. Taking the Europe Union as an example, in order to build a
low-carbon society, the EU has announced that by 2020, it will achieve the goal of reducing greenhouse
gas emissions by 20% relative to 1990 [4]. In November 2013, the 19th Conference of the Parties to the
United Nations Framework Convention on Climate Change and the 9th Conference of the Parties to
the Kyoto Protocol were held in Warsaw, Poland, with topics focusing on the “Green Development
Fund”, which calls for developed countries to provide technology and capacity-building and ﬁnancial
support to developing countries to help them cope with climate change [5]. Developing countries,
known for large CO2 emissions, also expressed their strong willingness to cut CO2 emissions [6].
In China, for example, a report on low-carbon planning for China’s social development issued by
China’s National Development and Reform Commission points out that by 2020, the CO2 emissions
per unit of GDP will be reduced by 40% to 45% compared with 2005 [7]. In 2007, China’s National
Development Committee announced “China’s National Climate Change Program”. This program
pointed out that China would start to impose a carbon tax on some enterprises in 2012. Despite the
fact that China’s current macro-policy has paved the way for its low-carbon development, because of
historical reasons and technical limits, the increasing CO2 emissions in China’s economic development
have been more and more questioned by the international community, and China is facing greater
pressure because of its CO2 emissions. If China refuses to assume responsibility for reducing emissions
with the excuse of its right to development as a developing country, China will be confronted with
unnecessary obstructions to its future economic development.
At present, theoretical and practical circles both at home and abroad usually make pollutants
and CO2 emissions in industrialization and urbanization a focus of attention, covering areas like
general industry and the construction industry. It is undeniable, however, that large amounts of CO2
are also produced in the agriculture-related sectors. Data released by the IPCC (Intergovernmental
Panel on Climate Change) in 2007 showed that agricultural CO2 emissions have become the world’s
second largest source of CO2 [8]. Different data from FAOSTAT (Food and Agriculture Organization
of the United Nations Statistics) in 2014 showed that agricultural CO2 emissions in 2011 exceeded
more than 10 billion tons of CO2 equivalents, accounting for 14% of global CO2 emissions [9]. As a
traditionally agricultural country, China has a large rural population and a complex agricultural
industry structure. The extensive agriculture, together with the large demand for agricultural products
in other nonagricultural sectors, has resulted in huge CO2 emissions from the agricultural sectors
and has brought severe challenges to the environment in China. Based on relevant data from China’s
Statistical Yearbook [10] and China’s input-output table in 2012 [11], and according to the speciﬁc
input-output path of the intermediate production process of each sector, it can calculate CO2 emissions
in the main sectors of agriculture in China (including rice planting; wheat planting; corn planting;
beans and potato planting; peanut, rapeseed, and sesame planting; cotton and hemp planting; tobacco
planting; tea planting; fruit and other planting; animal husbandry; forestry; the ﬁshery industry) due
to the consumption of coal, oil, natural gas and electricity, which totals 26.94 million tons. The above
data are only considered for CO2 emissions in the intermediate production process due to coal, oil,
and natural gas and electricity consumptions and do not take into account the ﬁnal consumptions
from households and other sources in agriculture such as fertilizers and pesticides. If they are all taken
into account, CO2 emissions will be even more signiﬁcant. In addition, according to statistics, China’s
agricultural CO2 emissions contribute 17% of the country’s total CO2 emissions, much higher than
the contribution of China’s transportation industry [12]. Moreover, in many European countries (not
only in China), the extensive agriculture, together with the large demand for agricultural products
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in other nonagricultural sectors, has resulted in huge CO2 emissions and brought severe challenges
to the environment [13,14]. In this case, how to balance economic development and the sustainable
development of agriculture has become particularly important.
CO2 emissions reduction has become a hot issue in the international community, and in particular,
the decoupling of CO2 emissions from economic growth is receiving increasing attention. However,
one fact cannot be ignored: at current rates and levels of development, the important roles that fossil
fuels play in economic development will not be replaced in the near future, nor can the new carbon
capture technology be widely adopted in the short term, owing to high costs and lack of supported
techniques [15–17]. However, as one of the important carbon emission reduction measures, a carbon
tax has been postulated for China, and it is worth considering whether the carbon tax is suitable for
China. By analyzing and studying the carbon tax rates, we can ﬁnd measures for decreasing adverse
effects on economic development. Moreover, by levying a carbon tax on agriculture-related sectors, we
want to ﬁnd whether carbon tax is a feasible way to reduce carbon emissions in China.
In order to evaluate the inﬂuence of a carbon tax on China’s macroeconomy and agriculture-related
sectors, it is necessary to rely on a reasonable and effective model to simulate the structural effects of
the carbon tax policy under the macroeconomic framework. In this regard, the Computable General
Equilibrium (CGE) model provides the possibility of the above assumptions. The CGE model is a
class of economic model and by taking each component of the national economy and every link of the
economic cycle into a united framework, the model can simulate the ﬁnal structural inﬂuence of the
changes in energy and climate policies on the national economic sectors [18–20].
At present, the CGE model has been widely adopted for estimating the effectiveness of energy
policy [21,22]. Mahmood and Marpaung [23] used a 20-sector CGE model to investigate the respective
effects of a scenario with a carbon tax and a scenario with the cooperative implementation of a
carbon tax and energy on the Pakistani economy. The results show that the impact of levying a
carbon tax on the GDP is negative, but the impact on reducing emissions of pollutants is positive.
Markandya et al. [24] used the CGE model to analyze and compare the differences between developing
countries and developed countries in a trade-off between traditional economic development and
low-carbon development and found that the adverse impact of the implementation of emissions
reduction policies on developing countries is huge. Springmann et al. [25] explored the distribution of
carbon quotas among different provinces in China. The results show that eastern China outsourced
14% of its own carbon quotas to central and western regions. Yan et al. [26] used the CGE model
to study the environmental and economic effects of the carbon tax on China’s net exports from a
multiregional and multicommodity perspective. The simulation results show that China was lacking a
driving force to reduce domestic carbon emissions. Carlos et al. [27] studied the impact of the carbon
tax on China’s smart-power-generation industry. The study shows that the effectiveness of the carbon
tax policy is closely related to the variables that are not affected by policy makers’ decisions, such as
natural gas prices, the feasibility of the use of resources, etc. Yang et al. [28] studied the impact of
the carbon market on China’s environment and economy from the medium term to the long term by
constructing a CGE model. The results show that the carbon market will have a positive impact on
China’s R&D investment.
From the existing literature, we can see that most scholars are focusing on exploring ways to
control the reduction of CO2 emissions and explore reduction degrees. Although many scholars focus
on agricultural issues, such as the impacts of the export ban on the corn industry and the overall state
of society [29] and the impacts of climate change on yields, production, and prices [30]. However, due
to economic system and data constraints, the application of the CGE model to analyze the impacts of
carbon tax on agricultural-related sectors is not systematic. Based on China’s realities and the CGE
model’s theory and technology, this study builds a dynamic CGE model with a complex structure that
reﬂects the energy-economy-environment system of Chinese agriculture-related sectors. The system
simulates the impact of levying a carbon tax on the macro-environment, macroeconomic variables, and
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the agricultural-related sectors, so as to reveal the implementation effect of a carbon tax on agricultural
related sectors.
2. Methods and Materials
2.1. Model Construction
As an energy reduction policy, carbon taxes achieve the ultimate goal of reducing fossil fuel
consumptions and CO2 emissions by levying tax on fossil fuel products such as coal, oil, and natural
gas based on the proportion of carbon content. In order to simulate the impact of the carbon tax
on macroeconomy and different agricultural-related sectors, an economy-energy-environmentalagricultural-dynamics CGE model (3EAD-CGE) is constructed in this article to comprehensively
analyze the impact of the carbon tax on the production processes of Chinese agriculture-related sectors.
In this regard, this study mainly involves 23 agriculture-related sectors, including rice planting; wheat
planting; corn planting; beans and potato planting; peanut, rapeseed, and sesame planting; cotton
and hemp planting; tobacco planting; tea planting; fruit and other planting; animal husbandry; the
dairy industry; forestry; the ﬁshery industry; the slaughtering and meat processing industry; the
animal and plant oil processing industry; vegetables and other agricultural processing industries;
the sugar products processing industry; the drinks and reﬁned tea processing industry; the tobacco
products processing industry; the feed processing industry; the textile industry; the leather products
industry; and the wood products processing industry. The rest of the industries are combined into the
manufacturing and mining industry, construction industry, transport industry, and service industry.
The speciﬁc sector deﬁnition is shown in Table 1.
Table 1. Sector deﬁnition in this model.
Nr

Sector

Nr

Sector

1
2
3
4
5
6
7
8
9
10
11
12
13
14

Rice planting
Wheat planting
Corn planting
Beans and potato planting
Peanut, rapeseed and sesame planting
Cotton and hemp planting
Tobacco planting
Tea planting
Fruit and other planting
Animal husbandry
Dairy industry
Forestry
Fishery industry
Slaughtering and meat processing industry

15
16
17
18
19
20
21
22
23
24
25
26
27

Animal and plant oil processing industry
Vegetables and other agricultural processing industry
Sugar products processing industry
Drinks and reﬁned tea processing industry
Tobacco products processing industry
Feed processing industry
Textile industry
Leather products industry
Wood products processing industry
Manufacturing and mining industry
Construction industry
Transport industry
Service industry

The main economic entities in the 3EAD-CGE model include households, enterprises, and the
government. The model is responsive to population, GDP, and capital recursive growth.
The 3EAD-CGE model normally consists of ﬁve modules, including the production block, the
market block, the income block, the expenditure block, and the overall balance block. In this paper,
in order to reﬂect the inﬂuence of carbon tax on the macroenvironment, the macroeconomy, and the
agricultural sectors, we choose the above blocks as a whole to analyze.
The relationship between the speciﬁc blocks is shown in Figure 1.
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Figure 1. General structure of the economy-energy-environmental-agricultural-dynamics CGE model
(3EAD-CGE) model in Chinese agriculture-related sectors.

In general, in the production block, the total output is decomposed in the form of the CES total
output function, and corresponding to the market block, the total output consists of two parts, one for
export and the other for domestic supply. The domestic supply plus the import component constitutes
the total domestic consumption. In the income block, the labor and capital from the production
block constitute the source of income. The income is divided into enterprise income, household
income, and government income. The three parts are linked through transfer payment and taxation.
Corresponding to the income block, the expenditure block mainly describes the expenditure status of
enterprises, household, and the government and the expenditure is equal to the income. The speciﬁc
relationship of each part is described below.
2.1.1. Production Block
In the model, we assume that the agriculture-related sectors are perfectly competitive enterprises
and that scale returns remain unchanged. Based on this, we construct a multilevel nested constant
elasticity of substitution (CES) production function to describe the substitutability of different factors
of production. The production block is divided into ﬁve levels. In the ﬁrst level, the inputs of the
aggregation of intermediate commodities and the aggregation of capital-energy-labor are transformed
into the total output in the form of the CES total output function. The ﬁrst-level module formulas are
as follows:
q
q 1/ρi q
(1)
QAi (t) = Ai q (t) [ ai q (t) QKELi (t) ρi + (1 − ai q (t) ) QI NTAi (t) ρi ]
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 1− ρ i q
PKELi (t) /PI NTAi (t) = ai q (t) /(1 − ai q (t) ) QI NTAi (t) /QKELi (t)

(2)

q
Ai (t)

In time point t, where QAi (t) denotes the output in i sector,
is the size parameter under
the i department output, ai q (t) is the share parameters of the output of capital-energy-labor in
department i, QKELi (t) is the demand for ﬁnished products of capital-energy-labor in department i,
ρi q is the substitution parameter between intermediate inputs and capital-energy-labor in department i,
QI NTAi (t) is the requirements of intermediate inputs in department i, PKEL(t) is the price of ﬁnished
products of capital-energy-labor in department i, PI NTAi (t) is the price of intermediate inputs in
department i. In the second level, the aggregation of capital-energy-labor is decomposed into the
synthesis beam of capital-energy and the labor force. The second-level module formulas are as follows:
QKELi (t) = Ai kel (t) [ ai ke (t) QKEi (t) ρi

kel

+ (1 − ai ke (t) ) QLDi (t) ρi ]
kel

1/ρi kel


1−ρi kel
PKEi (t) /W L(t) = ai ke (t) /(1 − ai ke (t) ) QLDi (t) /QKEi (t)

(3)
(4)

In time point t, where Ai kel (t) denotes the size parameter for ﬁnished products of capital-energy
labor in department i, ai ke (t) is the share parameters of the output of capital-energy in department
i, QKEi (t) is the demand for ﬁnished products of capital-energy in department i, QLDi (t) is the
demand for labor in department i, ρi kel is the substitution parameter between labor and products of
capital-energy in department i, PKEi (t) is the price of ﬁnished products of capital-energy in department
i, W L(t) is the average price of labor.
For the nonenergy intermediate inputs in the second level, the Leontief production function is
used to represent the intermediate input requirements and prices. The speciﬁc formulas are as follows:
QI NTne,i (t) = ane,i (t) · QI NTAi (t)

(5)

∑ ane,i (t) · PCne (t)

(6)

PI NTne,i (t) =

ne

In time point t, where QI NTne,i (t) denotes the requirements of intermediate inputs in ne by
produce unit i, ane,i (t) is the direct consumption coefﬁcient of the intermediate input, PI NTne,i (t) is the
price of intermediate inputs in ne by produce unit i, PCne (t) is the price of intermediate inputs in ne.
In the third level, the synthesis beam of capital-energy is further broken down into two parts:
capital and energy. The speciﬁc formulas for the module are as follows:
QKEi (t) = Ai ke (t) [ ai e (t) QEDi (t) ρi + (1 − ai e (t) ) QKDi (t) ρi ]
ke

ke

1/ρi ke


1−ρi ke
PEDi (t) /PKi (t) = ai e (t) /(1 − ai e (t) ) QKDi (t) /QEDi (t)

(7)
(8)

In time point t, where Ai ke (t) denotes the size parameter for ﬁnished products of capital-energy in
department i, ai e (t) is the share parameters of the energy of capital-energy in department i, QEDi (t) is
the demand for energy in department i, ρike is the substitution parameter between labor and energy
in department i, QKDi (t) is the demand for capital in department i, PEDi (t) is the price of ﬁnished
products of energy in department i, PKi (t) is the price of capital input in department i.
In the fourth level, the synthesis beam of energy is further decomposed into fossil energy and
electricity in the form of the CES function. The speciﬁc formulas for the module are as follows:
QEDi (t) = Ai e (t) [ ai el (t) QELDi (t) ρi

el f

+ (1 − ai el (t) ) QFDi (t) ρi ]
el f

1/ρi el f


1−ρi el f
PELDi (t) /PFDi (t) = ai el (t) /(1 − ai el (t) ) QFDi (t) /QELDi (t)
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In time point t, where Ai e (t) denotes the size parameter for ﬁnished products of energy in
department i, QELDi (t) is the demand for thermal power-energy in department i, ρi el f is the
substitution parameter between thermal power and the composite beam of fossil energy in department
i, QFDi (t) is the demand for the composite beam of fossil energy in department i, PELDi (t) is the price
of ﬁnished products of thermal power-energy in department i, PFDi (t) is the price of the composite
beam of fossil energy in department i.
In the last level, the synthesis beam of fossil energy is further decomposed into coal, oil, and
natural gas in the form of the CES function. The speciﬁc formulas for the module are as follows:
QFDi (t) = Ai f (t) [ ai c (t) QCDi (t) ρi

cog

+ ai o (t) QODi (t) ρi

cog

+ (1 − ai c (t) − ai o (t) ) QGSDi (t) ρi


1−ρi cog
PCDi (t) /PODi (t) = ( ai c (t) /ai o (t) )· QODi (t) /QCDi (t)


PCDi (t) /PGSDi (t) = ai c (t) /(1 − ai c (t) − ai o (t) ) QGSDi (t) /QCDi (t)

1−ρi cog

cog

]

1/ρi cog

(11)
(12)
(13)

In time point t, where Ai f (t) denotes the size parameter of the composite beam of fossil energy
in department i, ai c (t) is the share parameters of coal in department i, ai o (t) is the share parameters
of oil in department i, QCDi (t) is the demand for coal in department i, QODi (t) is the demand for
oil in department i, QGSDi (t) is the demand for natural gas in department i, ρi cog is the substitution
parameter of coal, oil, and natural gas in department i, PCDi (t) is the price of coal in department i,
PODi (t) is the price of oil in department i, PGSDi (t) is the price of natural gas in department i.
In the part of Section 2.1.1, in order to facilitate the calculation, all the input units of demand are
10,000 Yuan. For example, the units of QCDi (t) , QODi (t) , and QGSDi (t) are 10,000 Yuan. In addition,
the above demands a calculated in one year.
2.1.2. Market Block
In the 3EAD-CGE model, assuming that the market clears, the number of commodities supplied
on the market QCi (t) is the sum of the quantity of imports QMi (t) and the quantity of goods produced
domestically QAMi (t) in the CES form. Under Ammington’s condition, the quantity of the products
supplied by enterprises to the market QCi (t) can maximize the proﬁts of the enterprises. The speciﬁc
formulas for the module are as follows:
QCi (t) = Aiam (t) [ ai m (t) QMi (t) ρi

am

+ (1 − ai m (t) ) QAMi (t) ρi

am

(t)

]

1/ρi am


1−ρi am
PMi (t) /PAMi (t) = ai m (t) /(1 − ai m (t) ) QAMi (t) /QMi (t)

(14)
(15)

In time point t, where QCi (t) denotes total supply of goods i in the domestic market, Ai am (t)
is the size parameter of the supply of goods i in the domestic market, QMi (t) is the quantity of
imported goods i, QAMi (t) is the quantity of the synthetic products in the domestic market, ρi am is the
substitution parameter of the synthetic products and imported goods i, PMi (t) is the price of imported
goods i, PAMi (t) is the price of the synthetic products i in domestic market.
In Equation (15), the domestic price of imported goods is determined by the world exchange rate
EXR(t) and the international price pwmi (t) , which includes the import duty rate τi m (t) . The speciﬁc
formula for the module is as follows:
PMi (t) = 1 + τi m (t) · pwmi (t) · EXR(t)
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Similarly, the total output of the sector QAi (t) is the sum of the domestic market supply and
exports. Under Ammington’s condition, the number of products that enterprises supply to the market
can minimize the cost of the enterprises. The speciﬁc formulas for the module are as follows:
QAi (t) = Ai t (t) [ ai t (t) QEi (t) ρi + (1 − ai t (t) ) QDSi (t) ρi ]
t

t

1/ρi t


 ρ i t −1
PEi (t) /PDSi (t) = ai t (t) /(1 − ai t (t) ) QDSi (t) /QEi (t)

(17)
(18)

t

In time point t, where Ai (t) denotes the size parameter of producing goods i in domestic market,
ai t (t) is the share parameters of export goods i, QEi (t) is the quantity of goods i produced domestically
for export, QDSi (t) is the quantity of goods i produced domestically and used domestically, ρi t is the
substitution parameter of domestic sales and exported goods i, PEi (t) is the price of goods i produced
domestically for export, PDSi (t) the price of goods i produced domestically and used domestically.
In Equation (18), the domestic price of the exported commodity is determined by the world
exchange rate EXR(t) and the international price pwei (t) , which includes the import duty rate τi e (t) .
The speciﬁc formula for the module is as follows:
PEi (t) = 1 + τi e (t) · pwei (t) · EXR(t)

(19)

Similar to Section 2.1.1, in this part, in order to facilitate the calculation, the units of all kinds of
quantity of goods are 10,000 Yuan, such as the QCi (t) , QMi (t) , and QAMi (t) , etc.
2.1.3. Income Block
The income block mainly describes the income distributions of the households, the enterprises,
and the government. The speciﬁc formulas for the module are as follows:
YH(t) =

∑

W L(t) · QLDi (t) + shi f hk (t) · PKi (t) · QKDi (t) + TRent (t) + TR gov (t)

(20)

∑ PKi (t) · shi f entk (t) · QKDi (t) + TRentgov (t)

(21)

YENT(t) =

YG(t) = I NDTAX(t) + YH(t) · η + YENT(t) · υ + CTAX(t) + TARIFF(t)
I NDTAX(t) =

∑ τi · PAi (t) · QAi (t)

(22)
(23)

i

In time point t, where YH(t) denotes the households’ income, TRent (t) is the transfer payment
for households from enterprises, TR gov (t) is the transfer payment for households from government,
YENT(t) is the enterprise income, shi f entk (t) is the share parameters of income distribution to the
enterprise from capital, shi f hk (t) is the share parameters of income distribution to the household from
capital, TRentgov (t) is the transfer payments to the enterprise from government, YG(t) is government
revenue, I NDTAX(t) is the production of indirect tax income, τi is the production tax rate of goods i, η
is the rate of households’ income taxes, υ is the rate of enterprise income taxes, CTAX(t) is carbon tax,
TARIFF(t) is tariffs.
In this study, we follow the assumption that direct and indirect taxes are deﬁned as ﬁxed shares
in the model. In addition, the assumption that government ﬁnancial revenues and expenditures are
balanced is applied in this model.
Similar to Section 2.1.1, in this part, in order to facilitate the calculation, the units involved in the
income are all 10,000 Yuan, such as the YH(t) , TRent (t) , and TR gov (t) , etc.
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2.1.4. Expenditure Block
Corresponding to the income block, the expenditure block mainly describes the operations of the
market economy in the process of the households, the enterprises, and the government spending and
saving. The relationship between savings, income, and expenditure is as follows:

EG(t) =

EH(t) = mpc(t) · (1 − η )YH(t) /PCi (t)

(24)

HS(t) = YH(t) − EH(t)

(25)

EENH(t) = TRent (t) + υ · YENT(t)

(26)

ENTS(t) = YENT(t) − EENT(t)

(27)

∑ PCi (t) · QGi (t) + TRentgov (t) + TRgov (t) + ESUB(t)

(28)

i

ESUB(t) =

∑ esubi (t) · pwei (t) · EXR(t) · QEi (t)

(29)

i

GS(t) = YG(t) − EG(t)

(30)

TS(t) = HS(t) + ENTS(t) + GS(t)

(31)

In time point t, where EH(t) denotes households’ consumption, mpc(t) is residents’ marginal
propensity to consume, HS(t) is household savings, ENTS(t) is enterprise savings, EENT(t) is
enterprise spending, GS(t) is government savings, EG(t) is government spending, I NV(t) is total
investment, TS(t) is total savings, FI NV(t) is foreign investment, esubi (t) is households’ marginal
propensity to consume, ESUB(t) is export tax rebate.
Similar to Section 2.1.1, in this part, in order to facilitate the calculation, the units involved in the
expenditure are all 10,000 Yuan, such as the EH(t) , EG(t) , and EENT(t) , etc.
2.1.5. Closed Module
For the balance of payments, the exchange rate of the general equilibrium is determined according
to Equations (32)–(34). The speciﬁc formula is as follows:

∑ PEi · QEi =∑ PMi · QMi + FI NV

(32)

∑ QKDi (t) = ∑ QKSi (t)

(33)

∑ QLDi (t) = ∑ QLSi (t)

(34)

i

i

i

i

i

i

where QKSi (t) donates the capital supply of industry i in period t, QLSi (t) is the size of the labor force
in t of department i.
For the savings-investment closure, this paper uses neoclassical closure rule, that is, savings
decide investments. All the savings in the economic entities will be transformed into investment and
the speciﬁc formula is shown as follows:
I NV(t) = TS(t)

(35)

For the zero proﬁt condition, this paper uses the unit product price equal to unit sales price to
determine the level of production activities in a balanced state.
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2.2. Dataset
Based on the basic principles of the input-output table of China in 2012 [11] combined with
the China Statistical Yearbook [10] and the China Financial Yearbook [31], which are authorized by
the Ministry of Finance, the National Bureau of Statistics, and other related central ministries and
commissions as well as information from social research, this article has compiled a social accounting
matrix (SAM) of Chinese agriculture-related sectors, which is coordinated with the 3AED-CGE model.
Because the input-output table of China in 2012 includes 139 sectors, for the purposes of this analysis,
the agricultural industry is decomposed and 23 agriculture-related sectors are selected based on this
decomposition. The rest of the industries are combined into the manufacturing and mining industry,
construction industry, transport industry, and service industry.
CO2 emissions are mainly reﬂected in the production block. Based on social accounting
matrix which can reﬂect the input-output situation of different agriculture-related sectors in China,
and on the proportion of other sectors which consume in the intermediate production process of
different agricultural-related sectors accounting for the total output of the sector, CO2 emissions
of agricultural-related sectors in the intermediate production process can be calculated due to the
consumption amount of coal, oil, natural gas, and electricity by other sectors. Correspondingly, in
the production structure, the carbon tax is levied on the basis of CO2 emissions of agriculture-related
sectors. The result of the carbon tax will affect a variety of energy substitutions as well as energy
and capital substitutions. As the scope of carbon tax levied mainly due to the combustion of fossil
fuels caused by CO2 emissions, based on this, this paper does not consider other CO2 sources such as
pesticide, fertilizer, and agricultural ﬁlm.
Moreover, the State Council Development Research Center of China pointed out that China’s
economy will experience a weak resurgence in 2013 with hope for year-on-year growth of 8.1%.
From 2013 to the next decade, China’s economy will change to a medium growth at a rate of 6% to
8% [32]. According to the above analysis, from 2013 to 2020, China’s GDP growth rates are set at 7.55%.
From 2021 to 2050, the GDP growth rate refers to the research of Wang et al. [33]. For the population,
according to the estimate in the Research Report of Chinese Population Development Strategy [34],
the population will increase by 8 million annually in China. Based on 135,404 million people in China
in 2012, it is possible to roughly estimate the growth rate of China’s population by 2050. Speciﬁcally,
China’s GDP and population growth rates from 2012 to 2050 are shown in Table 2.
Table 2. Predicted values of China’s GDP and Population Growth Rates in 2012–2050.
Period

GDP

Population

2012
2013–2020
2021–2025
2026–2030
2031–2035
2036–2040
2041–2045
2046–2050

518,942
7.55%
7.35%
6.85%
6.35%
5.50%
5.21%
4.86%

135,404
0.58%
0.56%
0.54%
0.53%
0.51%
0.50%
0.49%

Note: The unit of GDP is 100 million RMB, and the unit of population is 10,000.

The 3AED-CGE model uses a recursive dynamic mechanism, which can be used to solve the
equilibrium solution in each period from the base year to 2050. The speciﬁc formulas are as follows:
QKSi(t+1) = QKSi(t) · (1 − κi ) + IDi(t)

(36)

QLSi (t+1) = QLSi (t) · (1 + λi )

(37)
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QKSi(t+1) represents the capital supply of industry i in period t + 1, and κi represents the current
depreciation rate of industry i. IDi(t) is the current investment of industry i. QLSi (t+1) represents the
size of the labor force in t + 1 of department i, and λi is the labor growth rate.
A small number of the parameters in each function in the 3AED-CGE model are exogenously
determined and estimated. Such as the substitution parameters which are reﬂecting the substitution
between different factors. Most of the parameter values are obtained by substituting data from the
SAM in the base year and then inversely deducing the values of unknown parameters such as the
size parameters which are reﬂecting the efﬁciency of the overall use of society, the share parameters
which are reﬂecting the contribution of factors in the production process, etc. For the size parameters,
according to the Equations (1), (3), (7), (9), (11), (14) and (17), the size parameters of the respective
variables can be obtained. For example, the size parameter Ai q (t) can be obtained in the following
formula converted by Equation (1):
Ai q (t) = QAi (t) /[ ai q (t) QKELi (t) ρi + (1 − ai q (t) ) QI NTAi (t) ρi ]
q

q

1/ρi q

(38)

The remaining size parameters can also be obtained in a similar manner.
For the share parameters, the values can be obtained according to the Equations (2), (4), (8), (10),
(12), (13), (15) and (18). For example, the share parameter ai q (t) can be obtained in the following
formula converted by Equation (2):
ai q (t) = PKELi (t) · QKELi (t) 1−ρi /[ PI NTAi (t) · QI NTAi (t) 1−ρi + PKELi (t) · QKELi (t) 1−ρi ]
q

q

q

(39)

The remaining share parameters can also be obtained in a similar manner. The derivation of the
size parameters and share parameters can be found in Pan [35].
For the substitution parameters that are exogenously determined and estimated, this study
mainly refers to the results of Pan [35] and Dai et al. [36] who think that the substitution parameters
are homogenous between different departments. The speciﬁc values are as follows: ρi q is −0.11, ρi kel is
−0.43 ρike is −0.43, ρi el f is −0.43, ρi cog is −0.43, ρi am is −0.25, and ρi t is −0.25.
2.3. Scenarios Design
Since Finland ﬁrst implemented a carbon tax policy in 1990, the policy of a carbon tax as a response
to global warming has been adopted by some Western countries. Carbon tax policy implementation
has been brewing in China. The task force of the National Development and Reform Commission and
the Ministry of Finance has pointed out that 2012 would be the appropriate time to launch a carbon
tax. In addition, due to the most recent year of China’s input-output table being 2012, and from the
practical signiﬁcance of this study and the data acquisition point of view, in this analysis, the carbon
tax base period is set in 2012. Through the 3EAD-CGE model, during 2012–2050, a carbon tax on CO2
from the consumption of fossil fuels in the production processes of agriculture-related sectors and
from the consumption of energy products in the production processes is simulated.
China has made an ambitious commitment to cut down its carbon dioxide emissions of GDP per
unit from 40% to 45% by 2020 compared with that in 2005. Accordingly, CO2 emissions come from
the fossil energy consumption when enterprises produce their products. And all sectors should take
emissions reduction into account and then decide the appropriate activity level. Agricultural-related
sectors are no exception. According to the above analysis, the carbon tax may be an effective means
of reducing emissions. Internationally, most countries impose a ﬁxed carbon tax rate, and the ﬁxed
carbon tax rate is usually lower in the early period of introduction and then is gradually increased.
However, carbon tax levied in China has not really been implemented, and the tax rate is still no basis to
determine the level of carbon tax to be imposed. In this regard, referring to the international carbon tax
precedent, Li et al. [37] whose research introduces carbon tax into China, Meng and Pham [38] whose
research introduces carbon tax into the tourism sector in Australia, and Meng [39] whose research
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focuses on the impact of carbon tax on electricity sector, this article sets up six different scenarios to
impose a carbon tax on agriculture-related sectors. Among them, according to the international general
experience, the carbon tax should be set gradually in accordance with the low to high, and it is not
reasonable to set the carbon tax too high, otherwise the impact on the macroeconomy will be more
signiﬁcant. Scenario 1 is the business as usual (BAU) scenario, in which China does not implement
a carbon tax policy between 2012 and 2050. Scenario 2, scenario 3, and scenario 4 can be referred to
as CT20, CT30, and CT40 based on the carbon tax rates 20 yuan/ton, 30 yuan/ton, and 40 yuan/ton,
respectively. In these scenarios, starting in 2012, the carbon tax rate is increased by 4.33%, 3.22%, and
2.44% per year, respectively, until they each reach 100 yuan/ton in 2050. Scenario 5 and scenario 6,
which can be referred to as CTB40 and CTB60, implement balanced tax rates. In scenario 5 and 6,
the carbon tax rates are assumed to be 40 yuan/ton and 60 yuan/ton, the indirect production tax is
reduced proportionally so that the total tax burden is unchanged. The speciﬁc scenarios are shown
in Table 3.
Table 3. The design of different scenarios of imposed carbon tax.
Scenarios
Tax rate
BAU
CT20
CT30
CT40
CTB40
CTB60

Increasing Rate
20
−
+
−
−
−
−

30
−
−
+
−
−
−

40
−
−
−
+
−
−

Balanced Rate
40
−
−
−
−
+
−

60
−
−
−
−
−
+

Note: “+” indicates the given scenario contains the corresponding policy, and “−” indicates that the corresponding
measure is not considered.

3. Results
3.1. The Changes in Macro-Environment
At present, the world economy is in transition to a low-carbon economy. In this regard, China is
also responding positively. In September 2007, China’s National Development and Reform Commission
(NDRC) issued the Medium and Long-term Plan of Renewable Energy Source Development to
raise the weight of renewable energy to 10%, as a proportion of total primary energy consumption
in 2010, and further to 15% in 2020, which is expected to contribute greatly to the objectives
of saving about 5–6 billion tons of CO2 emissions by 2020 [40]. However, despite this situation,
China’s current energy structure is still unbalanced compared with the world level, and China’s
unbalanced structure results in a series of problems, especially regarding the CO2 emissions that may
hinder sustainable development [41]. This kind of situation is also reﬂected in agriculture-related
sectors. Controlling agricultural CO2 emissions may not only have a positive impact on the
sustainable development of agriculture itself, but it may also make a corresponding contribution
to the development of low-carbon agriculture. Based on the GDP forecast in China from 2012 to 2050,
this section uses carbon intensity as an indicator to compare the CO2 emission values of a unit of
GDP under different scenarios. Because the indicator of carbon intensity can not only reﬂect economic
condition, but reveal the environmental effects with the development of economy. The results are
shown in Figure 2.
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Figure 2. The trend in China’s carbon intensity change under different scenarios.

In general, if agriculture-related sectors do not impose a carbon tax in the future, carbon intensity
will decrease from 1.454 t/104 yuan in 2012 to 1.372 t/104 yuan in 2050, for a total decrease of 5.640%.
However, according to the simulation results, the average annual growth rate of CO2 emissions in the
period from 2012 to 2050 is 6.172%, given the rapid growth rate of GDP, which is due to the absence of
carbon emission reduction measures. It can be seen from Figure 2 that after the carbon tax is levied,
the reduction in the carbon intensity is obviously relative to the scenario without a carbon tax. In the
CTB40 and CTB50 scenarios, the reduction of the carbon intensity is more obvious than in the CT20,
CT30, and CT40 scenarios. This is mainly because increasing the carbon tax while reducing the indirect
production tax in the same proportion will decrease product prices, increase consumer demand for
products, enlarge the scale of reproduction, and increase GDP compared to the BAU scenario. At the
same time, compared with CT20, CT30, and CT40, the extent of the impact on carbon emissions is
greater than the extent of the impact on GDP, so the changes in carbon intensity are more obvious than
in the previous three scenarios. In addition, Figure 2 shows that the impact of a carbon tax on China’s
carbon intensity gradually weakens as time passes by. Taking CT30 as an example, from 2012 to 2030,
the value of carbon intensity varies from 1.446 t/104 yuan to 1.373 t/104 yuan, and the magnitude of
the decrease is 5.048%. From 2030 to 2050, the value of carbon intensity varies from 1.373 t/104 yuan
to 1.346 t/104 yuan, and the magnitude of the decrease is 1.966%, which is similar to other scenarios.
This suggests that the application of a carbon tax policy to reduce CO2 emissions in agriculture-related
sectors has an effect in the short term.
3.2. The Changes in Macroeconomy
The impact of the carbon tax on China’s carbon intensity is mainly through the impacts on
GDP and on carbon emissions. Although the effect of reducing the carbon intensity is signiﬁcant, as
an important energy-saving policy, the feasibility of the carbon tax policy depends not only on its
emission reduction effect but also on its economic costs. Considering this situation, the six indicators
of GDP, CO2 emissions, households’ consumption, households’ welfare, government expenditure, and
investment are selected to reﬂect the impact of a carbon tax on the macroeconomy. The welfare of the
households is mainly measured based on the extent of change in the income level of the households
relative to BAU scenario. The speciﬁc results are shown in Figure 3 and Table 4.
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(a)

(b)

(c)

(d)

(e)

(f)

Figure 3. The trend of China’s macroeconomy under different scenarios (compared with the BAU scenario).

The results of the simulation show that carbon tax has different effects on key macroeconomic
variables in different scenarios. Overall, from the trend point of view, the impacts of carbon tax on
CO2 emissions and government expenditures are similar. With the increase in taxation, CO2 reduction
will be more and more obvious. In addition, emissions and expenditures of CTB40 and CTB60 are
lower than those of CT60, but there is still a decreasing trend in CTB40 and CTB60. Moreover, the
imposition of carbon tax on agricultural-related sectors will have the same impact trend on GDP,
households’ consumption, households’ welfare and investment, which take effect by the impact of
market supply and demand. Speciﬁcally, from 2012 to 2050, compared with BAU, the percentage
changes in government expenditures and CO2 emissions show reverse bias, and the percent deviation
gradually decreases. As shown in Table 4, in the CT20 scenario, in 2012 and 2025, compared with BAU,
CO2 emissions are 0.580% and 0.998% lower, respectively, and the magnitude of decrease is 72.069%
compared with BAU. In 2025 and 2035, CO2 emissions are 0.998% and 1.443% lower, respectively,
and the magnitude of decrease is 44.589%, which is in line with the above-mentioned ﬁnding that a
carbon tax has a positive effect on reducing CO2 emissions and improving energy efﬁciency in the
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short term. In addition, the CT20, CT40, and CT60 scenarios reverse the bias of percentage changes in
GDP, households’ consumption, households’ welfare, and investment compared with BAU. However,
the CTB40 and CTB60 scenarios show a positive deviation in above indicators compared with BAU.
This suggests that if the carbon tax is applied alone, though the effect on CO2 emissions will be
signiﬁcant, the overall macroeconomy will be sluggish, and the market demand will be depressed.
As a result, the level of investment consumption will fall. When imposing a carbon tax and reducing
the indirect production tax at the same proportion, due to economic expansion, the domestic market
demand for products will increase and the level of investment in goods will also increase, thus
stimulating consumer spending and leading to a substantial increase in GDP, as well as welfare.
Table 4. The changes in macroeconomic indicators under different scenarios between 2012–2050 (%)
(compared with the BAU scenario).
Scenarios

Year

GDP

CO2
Emissions

Households’
Consumption

Households’
Welfare

Government
Expenditures

Investment

CT20

2012
2025
2035
2050

−0.215
−0.358
−0.500
−0.828

−0.580
−0.998
−1.443
−2.597

−0.184
−0.294
−0.398
−0.598

−0.180
−0.287
−0.389
−0.604

−0.184
−0.294
−0.396
−0.594

−0.419
−0.643
−0.908
−1.443

CT30

2012
2025
2035
2050

−0.311
−0.439
−0.561
−0.930

−0.862
−1.250
−1.643
−2.821

−0.259
−0.353
−0.438
−0.643

−0.254
−0.346
−0.430
−0.633

−0.259
−0.353
−0.436
−0.613

−0.562
−0.790
−1.022
−1.562

CT40

2012
2025
2035
2050

−0.397
−0.503
−0.621
−1.072

−1.119
−1.460
−1.832
−3.043

−0.322
−0.399
−0.475
−0.723

−0.315
−0.391
−0.469
−0.682

−0.322
−0.398
−0.475
−0.662

−0.711
−0.912
−1.132
−1.671

CTB40

2012
2025
2035
2050

0.360
0.538
0.732
1.162

−0.384
−0.643
−0.956
−1.733

0.056
0.116
0.202
0.465

0.118
0.196
0.291
0.523

−0.136
−0.202
−0.274
−0.432

0.631
0.793
0.945
1.229

CTB60

2012
2025
2035
2050

0.437
0.647
0.874
1.373

−0.460
−0.765
−1.131
−2.033

0.101
0.210
0.368
0.854

0.197
0.342
0.523
0.989

−0.105
−0.157
−0.214
−0.339

0.842
1.077
1.301
1.729

Note: all the values are percentage variations; these also apply to all subsequent tables.

By comparing the CT20, CT30, and CT40 scenarios, with the change of carbon tax rate ranging
from 20 yuan/t to 40 yuan/t, the effect of a carbon tax on macroeconomic variables is becoming more
and more obvious. Taking 2050 as an example, compared with BAU, the GDP in the CT20, CT30,
and CT40 scenarios is 0.828%, 0.930%, and 1.072% lower, respectively. Carbon emissions are 2.597%,
2.821%, and 3.043% lower, respectively. Households’ consumption is 0.598%, 0.643%, and 0.723%
lower, respectively. The trend of households’ welfare, government expenditure and investment are
the same as the above indicators. This indicates that as tax rates increase, the degree of impact on
macroeconomic variables is more serious. Although a high tax rate will help decrease the carbon
intensity, promote energy efﬁciency, and restructure industries as well as reduce emissions, which
are in line with the purpose of the carbon tax levied, it will also cause enormous pressure on the
macroeconomy and will ultimately lead to economic depression. Therefore, the objective of a carbon
tax policy is to determine the optimal carbon tax with the aim of the maximum reduction in emissions
and the least negative impact on the economy. On the contrary, in the balanced tax scenarios of CTB40
and CTB60, increasing the carbon tax will expand the scale of production. The higher the carbon tax is,
the lower the production tax is, and the more positive the impact on the economy.
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3.3. The Impact of Carbon Tax on Agriculture-Related Sectors
This article mainly focuses on the impact of a carbon tax policy on agriculture-related sectors.
Therefore, the results of other departments such as the manufacturing and mining industry,
construction industry, transport industry, and service industry are not listed. On the analysis of
the macro-environment and the macroeconomic effects of a carbon tax levied on the production
process in agriculture-related sectors, this article has elaborated on the positive effect of a carbon tax
on emission reduction and the negative effect of a carbon tax on restraining economic development,
and it further considers the impact of a carbon tax on the various industries of agriculture. Speciﬁcally,
23 different industries related to agricultural activities are considered. As the level of the return on
capital will have a direct effect on farmers’ willingness to invest, it will directly determine the future
direction of the ﬂow of farmers’ funds with a strong incentive orientation. Moreover, the output levels
and income levels in agricultural industries are major concerns of the government and farmers, which
are related to the livelihood of farmers. These indicators are also key factors to maintain social stability.
Therefore, the effects of the different scenarios on the various agriculture-related sectors are analyzed
from those three perspectives: the return on capital, the output level, and the income level.
3.3.1. The Changes in the Return on Capital of Agriculture-Related Sectors
As shown in Figure 4, levying a carbon tax on the production process in agriculture-related sectors
will have a signiﬁcant impact on the return on capital of agriculture-related sectors compared with
levying a noncarbon tax. However, different scenarios can generate different positive and negative
offsets. As shown in Tables 5–7, the ﬁve agriculture-related sectors that experience the greatest impact
on the return on capital when a carbon tax is levied on the production process are fruit and other
planting, forestry, rice planting, the dairy industry, and corn planting. The ﬁve industries with the
least impact on the return on capital are the leather products industry, tea planting, tobacco planting,
cotton, hemp planting, and the textile industry. The main reason for the polarization of the impact on
capital return is the difference in carbon emissions between the different industries. A carbon tax on
agriculture-related sectors with more carbon emissions will increase the input costs much more than
in agriculture-related sectors with less carbon emissions.
By comparing different scenarios according to the positive and negative offsets of the return on
capital, the agriculture-related sectors can be roughly divided into two categories. In the ﬁrst category,
the carbon tax has a negative impact on agriculture-related sectors. This category includes rice planting;
wheat planting; corn planting; beans and potato planting; peanut, rapeseed, and sesame planting;
cotton and hemp planting; tobacco planting; tea planting; fruit and other planting; animal husbandry;
forestry; and the ﬁshery industry for a total of 12 industries. In the second category, the CT20, CT30,
and CT40 scenarios have negative impacts on the return on capital in the agriculture-related sectors,
but the CTB40 and CTB60 scenarios have positive impacts on the return on capital. This category
includes 11 agriculture-related industries other than the above 12 industries. The main reason may be
that the ﬁrst category of agriculture-related sectors includes basic agricultural industries, in which the
cycle of congenital production is long and supply regulations lag behind changes in market regulations,
and the provision of food cannot be substituted. If a carbon tax is levied on those subsidized industries
while the indirect production tax is reduced at the same ratio, for the ﬁrst category of subsidized
industries, since these industries are already subsidized by the government, they cannot enjoy the
beneﬁts of reducing the indirect taxation. Instead, it will increase the production costs of these
subsidized industries. Moreover, it is not conducive to the production of capital accumulation, and
will eventually lead to a lower return on capital. For the second category of nonsubsidized industries,
the beneﬁts of reducing indirect tax can be mainly applied to these nonsubsidized industries such as
the dairy industry, the slaughter and meat processing industry, etc. As a result, these nonsubsidized
industries will expand their production scale to lower input costs, improve revenue, and increase the
input-output level, ultimately improving the return on capital.
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(a)
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Figure 4. The change in the return on capital in agriculture-related sectors under different scenarios in
2050 (compared with the BAU scenario).
Table 5. The changes in the return on capital in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from rice to tea).
Scenarios

Year

Rice

Wheat

Corn

Beans,
Potato

Peanut, Rapeseed,
Sesame

Cotton,
Hemp

Tobacco

Tea

CT20

2012
2030
2050

−0.645
−1.261
−2.635

−0.474
−0.862
−1.500

−0.602
−1.142
−2.337

−0.577
−1.067
−2.014

−0.532
−0.971
−1.729

−0.329
−0.548
−0.632

−0.287
−0.503
−0.515

−0.215
−0.289
−0.467

CT30

2012
2030
2050

−0.922
−1.485
−2.911

−0.661
−0.983
−1.683

−0.854
−1.423
−2.582

−0.805
−1.230
−2.223

−0.743
−1.111
−1.884

−0.477
−0.577
−0.642

−0.354
−0.530
−0.531

−0.242
−0.308
−0.492

CT40

2012
2030
2050

−1.171
−1.685
−3.175

−0.811
−1.085
−1.879

−1.014
−1.618
−2.701

−0.999
−1.373
−2.443

−0.913
−1.228
−2.020

−0.534
−0.595
−0.660

−0.421
−0.555
−0.550

−0.280
−0.324
−0.520

CTB40

2012
2030
2050

−0.503
−1.062
−2.441

−0.312
−0.605
−1.265

−0.521
−1.004
−2.081

−0.493
−0.893
−1.728

−0.473
−0.834
−1.564

−0.302
−0.416
−0.592

−0.243
−0.339
−0.492

−0.193
−0.282
−0.432

CTB60

2012
2030
2050

−0.382
−0.857
−2.104

−0.283
−0.517
−1.010

−0.413
−0.828
−1.795

−0.400
−0.759
−1.543

−0.398
−0.705
−1.332

−0.273
−0.388
−0.572

−0.220
−0.316
−0.473

−0.169
−0.252
−0.392
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Table 6. The changes in the return on capital in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from fruit to vegetables and other processing).

Scenarios

Year

Fruit

Animal
Husbandry

Dairy
Industry

Forestry

Fishery
Industry

Slaughtering
and Meat
Processing

Animal and
Plant Oil
Processing

Vegetables
and Other
Processing

CT20

2012
2030
2050

−1.164
−2.299
−4.552

−0.638
−1.063
−1.862

−0.801
−1.350
−2.506

−1.252
−2.145
−3.714

−0.857
−1.367
−2.070

0.106
0.125
0.235

−0.526
−1.043
−2.079

−0.451
−0.798
−1.458

CT30

2012
2030
2050

−1.681
−2.697
−4.911

−0.849
−1.194
−2.064

−1.062
−1.535
−2.754

−1.671
−2.435
−4.020

−1.112
−1.510
−2.220

0.111
0.150
0.246

−0.766
−1.222
−2.281

−0.616
−0.912
−1.606

CT40

2012
2030
2050

−2.137
−3.046
−5.431

−1.008
−1.308
−2.275

−1.274
−1.699
−3.015

−2.023
−2.693
−4.353

−1.304
−1.626
−2.391

0.115
0.169
0.261

−0.970
−1.379
−2.490

−0.751
−1.009
−1.772

CTB40

2012
2030
2050

−0.954
−1.802
−3.656

−0.463
−0.728
−1.203

0.402
0.828
1.846

−1.015
−1.772
−3.289

−0.554
−0.959
−1.763

0.432
0.699
1.192

0.701
1.076
1.732

0.521
0.877
1.563

CTB60

2012
2030
2050

−0.684
−1.336
−2.813

−0.310
−0.530
−0.963

0.621
1.139
2.232

−0.732
−1.426
−2.993

−0.438
−0.765
−1.421

0.633
1.047
1.832

0.845
1.319
2.163

0.660
1.059
1.790

Table 7. The changes in the return on capital in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from sugar to wood products).
Scenarios

Year

Sugar

Drinks and
Reﬁned Tea

Tobacco
Products

Feed processing
Industry

Textile

Leather

Wood
Products

CT20

2012
2030
2050

−0.580
−1.017
−1.773

−0.393
−0.788
−1.652

−0.283
−0.442
−1.110

−0.248
−0.529
−1.160

−0.148
−0.346
−0.744

−0.027
−0.054
−0.150

−0.417
−0.824
−1.605

CT30

2012
2030
2050

−0.790
−1.154
−1.910

−0.570
−0.931
−1.831

−0.335
−0.519
−1.220

−0.372
−0.634
−1.280

−0.246
−0.422
−0.801

−0.033
−0.063
−0.182

−0.599
−0.966
−1.737

CT40

2012
2030
2050

−0.959
−1.271
−2.052

−0.730
−1.059
−2.010

−0.412
−0.597
−1.320

−0.487
−0.726
−1.411

−0.323
−0.485
−0.859

−0.038
−0.073
−0.221

−0.765
−1.088
−1.871

CTB40

2012
2030
2050

0.743
1.128
1.794

0.443
0.767
1.413

0.220
0.427
0.892

0.260
0.469
0.902

0.167
0.317
0.644

0.084
0.194
0.493

0.491
0.826
1.473

CTB60

2012
2030
2050

0.833
1.308
2.160

0.521
0.918
1.724

0.264
0.495
0.995

0.294
0.552
1.114

0.222
0.387
0.721

0.102
0.236
0.598

0.600
0.956
1.604

3.3.2. The Changes in the Output Level of Agriculture-Related Sectors
As shown in Figure 5, a carbon tax on agriculture-related sectors will have a signiﬁcant impact on
the output level compared with the non-introduction of a carbon tax, but the impacts vary depending
on the speciﬁc agriculture-related industry. At the same time, different scenarios generate different
positive and negative offsets. As shown in Tables 8–10, the ﬁve agriculture-related sectors with the
greatest negative impact on the levels of output are fruit and other planting, the animal and plant
oil processing industry, forestry, the wood products processing industry, and the sugar products
processing industry. The ﬁve agriculture-related sectors with the least negative impact on the levels of
output are tobacco planting, the textile industry, cotton and hemp planting, tea planting, and the ﬁshery
industry. In contrast, the impact of the introduction of a carbon tax on agriculture-related sectors that
are subsidized is generally smaller than the impact on nonsubsidized agriculture-related sectors.
In addition, Figure 5 shows that, in the CT20, CT40, and CT60 scenarios, although the slaughter
and meat processing industry and the leather products industry have positive deviations from the BAU
levels of output, the other 21 agriculture-related sectors show different degrees of negative deviation in
the levels of output. This may be due to taxation leading to increased costs for agriculture-related sectors
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that emit CO2 into the air, ultimately leading to a rise in the output prices of their agricultural products.
In order to avoid the cost of the carbon tax, agriculture-related sectors such as the slaughter and
meat processing industry and the leather products industry will promote agricultural CO2 emissions
reduction through technological innovation or changing the mode of production, thus will lead to an
increase in output levels of those sectors. However, in other agriculture-related sectors may reduce CO2
emissions by reducing the scale of production. The former are called technology-intensive industries,
and the latter are known as labor-intensive industries. That means that the more labor-intensive
agriculture-related sectors are forced, by a carbon tax, to reduce their production scale, resulting in a
negative shift in the levels of output in various agriculture-related sectors.
Finally, by comparing the different scenarios shown in Figure 5 and in Tables 8–10, it can be
seen that the impacts of the different scenarios with offsets, which are positive or negative relative to
the output level, are different. The result is the same as with the impact on the return on capital of
agriculture-related sectors. The main difference is between subsidized and nonsubsidized industries.
It also shows that for subsidized agriculture-related sectors, introducing a carbon tax at the same time
as indirect taxes are cut in proportion is not conducive to expanding production.
Table 8. The changes in outputs in agriculture-related sectors under different scenarios compared with
the BAU scenario (%) (from rice to tea).
Scenarios

Year

Rice

Wheat

Corn

Beans,
Potato

Peanut, Rapeseed,
Sesame

Cotton,
Hemp

Tobacco

Tea

CT20

2012
2030
2050

−0.159
−0.317
−0.636

−0.114
−0.187
−0.249

−0.139
−0.296
−0.616

−0.136
−0.248
−0.390

−0.127
−0.220
−0.286

−0.049
−0.064
−0.102

−0.037
−0.044
−0.093

−0.020
−0.044
−0.094

CT30

2012
2030
2050

−0.231
−0.372
−0.702

−0.155
−0.200
−0.278

−0.211
−0.356
−0.676

−0.191
−0.280
−0.411

−0.176
−0.243
−0.288

−0.054
−0.071
−0.111

−0.039
−0.048
−0.101

−0.030
−0.053
−0.103

CT40

2012
2030
2050

−0.294
−0.420
−0.777

−0.180
−0.207
−0.309

−0.272
−0.411
−0.737

−0.234
−0.305
−0.432

−0.210
−0.258
−0.292

−0.060
−0.078
−0.119

−0.042
−0.052
−0.110

−0.040
−0.061
−0.113

CTB40

2012
2030
2050

−0.114
−0.213
−0.426

−0.090
−0.121
−0.167

−0.097
−0.189
−0.396

−0.090
−0.149
−0.261

−0.091
−0.130
−0.191

−0.035
−0.048
−0.069

−0.027
−0.040
−0.062

−0.015
−0.029
−0.060

CTB60

2012
2030
2050

−0.084
−0.168
−0.365

−0.073
−0.094
−0.125

−0.077
−0.150
−0.315

−0.072
−0.116
−0.196

−0.067
−0.096
−0.144

−0.026
−0.035
−0.048

−0.020
−0.030
−0.047

−0.013
−0.024
−0.048

Table 9. The changes in outputs in agriculture-related sectors under different scenarios compared with
the BAU scenario (%) (from fruit to vegetables and other processing).

Scenarios

Year

Fruit

Animal
Husbandry

Dairy
Industry

Forestry

Fishery
Industry

Slaughtering
and Meat
Processing

Animal and
Plant Oil
Processing

Vegetables
and Other
Processing

CT20

2012
2030
2050

−0.268
−0.598
−1.313

−0.128
−0.221
−0.347

−0.159
−0.294
−0.548

−0.287
−0.554
−1.015

−0.110
−0.191
−0.266

0.100
0.277
1.008

−0.230
−0.510
−1.124

−0.159
−0.309
−0.551

CT30

2012
2030
2050

−0.412
−0.722
−1.438

−0.175
−0.246
−0.369

−0.223
−0.338
−0.591

−0.409
−0.644
−1.086

−0.151
−0.212
−0.274

0.154
0.376
1.164

−0.355
−0.613
−1.237

−0.230
−0.358
−0.589

CT40

2012
2030
2050

−0.548
−0.832
−1.564

−0.210
−0.267
−0.392

−0.275
−0.376
−0.641

−0.516
−0.720
−1.160

−0.181
−0.227
−0.287

0.240
0.473
1.323

−0.468
−0.704
−1.358

−0.289
−0.398
−0.629

CTB40

2012
2030
2050

−0.193
−0.395
−0.879

−0.856
−0.433
−0.203

0.044
0.129
0.424

−0.220
−0.374
−0.674

0.150
0.150
0.331

0.392
0.778
1.665

0.310
0.681
1.632

0.215
0.408
0.830

CTB60

2012
2030
2050

−0.141
−0.293
−0.661

−0.646
−0.351
−0.178

0.072
0.200
0.620

−0.157
−0.273
−0.503

0.188
0.188
0.450

0.513
0.928
1.793

0.393
0.862
2.063

0.272
0.528
1.103
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(a)

(b)

(c)

(d)

Figure 5. The changes in the outputs in agriculture-related sectors under different scenarios (compared
with the BAU scenario).
Table 10. The changes in outputs in agriculture-related sectors under different scenarios compared
with the BAU scenario (%) (from sugar to wood products).
Scenarios

Year

Sugar

Drinks and
Reﬁned Tea

Tobacco
Products

Feed Processing
Industry

Textile

Leather

Wood
Products

CT20

2012
2030
2050

−0.186
−0.396
−0.787

−0.198
−0.393
−0.773

−0.151
−0.337
−0.721

−0.122
−0.217
−0.315

−0.040
−0.055
−0.095

0.107
0.407
1.017

−0.263
−0.517
−0.957

CT30

2012
2030
2050

−0.282
−0.469
−0.855

−0.289
−0.460
−0.841

−0.243
−0.406
−0.781

−0.171
−0.242
−0.328

−0.046
−0.061
−0.101

0.166
0.546
1.164

−0.379
−0.587
−1.027

CT40

2012
2030
2050

−0.366
−0.531
−0.928

−0.366
−0.518
−0.912

−0.310
−0.470
−0.842

−0.206
−0.260
−0.341

−0.052
−0.068
−0.108

0.256
0.680
1.316

−0.481
−0.632
−1.109

CTB40

2012
2030
2050

0.260
0.522
1.131

0.290
0.551
1.123

0.190
0.396
0.893

0.150
0.255
0.460

0.041
0.061
0.095

0.452
0.837
1.661

0.360
0.683
1.391

CTB60

2012
2030
2050

0.304
0.649
1.506

0.351
0.680
1.419

0.230
0.504
1.201

0.191
0.325
0.590

0.050
0.080
0.134

0.580
1.015
1.890

0.449
0.865
1.791

3.3.3. The Changes in the Income Level of Households in Various Industries of Agriculture
It can be seen from Figure 6 that, subject to the decline in the rate of return on capital and the level of
output, the imposition of a carbon tax on agriculture-related sectors will significantly change the income
levels of the various industries in agriculture. Tables 11–13 show that the five industries with the greatest
negative impacts on the income level after introduction of the carbon tax in agricultural production
are the animal and plant oil processing industry, the sugar products processing industry, forestry, the
wood products processing industry, and the drinks and refined tea processing industry. In the CT20
scenario in 2020, the corresponding income levels are 1.577%, 1.166%, 1.159%, 1.124%, and 0.952% lower,
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respectively, compared with BAU, whereas the corresponding rates of return on capital are 2.079%,
1.773%, 3.714%, 1.605%, and 1.652% lower, respectively, compared with BAU, and the corresponding
reductions of the output level are 1.124%, 0.787%, 1.015%, 0.957%, and 0.713%, respectively, compared
with BAU, which are higher than those of the same index compared with BAU. This indicates that the
level of income is closely related to the rate of the return on capital and the level of output.

(a)

(b)

(c)

(d)

Figure 6. The changes in the households’ income in agriculture-related sectors under different scenarios
(compared with the BAU scenario).
Table 11. The changes in the households’ income in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from rice to tea).
Scenarios

Year

Rice

Wheat

Corn

Beans,
Potato

Peanut, Rapeseed,
Sesame

Cotton,
Hemp

Tobacco

Tea

CT20

2012
2030
2050

−0.216
−0.417
−0.803

−0.149
−0.235
−0.611

−0.179
−0.272
−0.641

−0.189
−0.330
−0.485

−0.171
−0.288
−0.354

−0.092
−0.145
−0.210

−0.073
−0.109
−0.170

−0.032
−0.065
−0.142

CT30

2012
2030
2050

−0.310
−0.486
−0.874

−0.198
−0.248
−0.671

−0.229
−0.305
−0.678

−0.260
−0.368
−0.501

−0.234
−0.313
−0.365

−0.131
−0.159
−0.221

−0.106
−0.117
−0.179

−0.047
−0.076
−0.156

CT40

2012
2030
2050

−0.389
−0.545
−0.951

−0.228
−0.256
−0.732

−0.259
−0.333
−0.718

−0.313
−0.397
−0.518

−0.276
−0.330
−0.376

−0.169
−0.173
−0.232

−0.136
−0.125
−0.190

−0.061
−0.086
−0.171

CTB40

2012
2030
2050

−0.160
−0.278
−0.511

−0.107
−0.205
−0.421

−0.136
−0.237
−0.439

−0.141
−0.217
−0.350

−0.123
−0.168
−0.237

−0.066
−0.091
−0.129

−0.053
−0.075
−0.110

−0.024
−0.046
−0.095

CTB60

2012
2030
2050

−0.120
−0.223
−0.441

−0.079
−0.150
−0.307

−0.105
−0.183
−0.341

−0.100
−0.157
−0.260

−0.090
−0.124
−0.178

−0.049
−0.067
−0.097

−0.039
−0.056
−0.086

−0.017
−0.034
−0.072
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Table 12. The changes in the households’ income in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from fruit to vegetables and other processing).

Scenarios

Year

Fruit

Animal
Husbandry

Dairy
Industry

Forestry

Fishery
Industry

Slaughtering
and Meat
Processing

Animal and
Plant Oil
Processing

Vegetables
and Other
Processing

CT20

2012
2030
2050

−0.215
−0.362
−0.476

−0.213
−0.363
−0.561

−0.276
−0.504
−0.939

−0.339
−0.645
−1.159

−0.223
−0.387
−0.550

0.221
0.549
1.782

−0.484
−0.907
−1.577

−0.400
−0.609
−0.704

CT30

2012
2030
2050

−0.290
−0.398
−0.482

−0.290
−0.403
−0.596

−0.384
−0.579
−1.020

−0.480
−0.747
−1.235

−0.305
−0.430
−0.566

0.318
0.732
2.030

−0.692
−1.037
−1.690

−0.518
−0.647
−0.709

CT40

2012
2030
2050

−0.345
−0.423
−0.490

−0.345
−0.436
−0.639

−0.473
−0.644
−1.103

−0.602
−0.833
−1.326

−0.367
−0.463
−0.586

0.403
0.904
2.280

−0.852
−1.145
−1.810

−0.590
−0.671
−0.716

CTB40

2012
2030
2050

−0.161
−0.222
−0.319

−0.166
−0.247
−0.384

0.350
0.585
1.034

−0.260
−0.424
−0.730

0.286
0.465
0.799

0.514
1.187
3.012

0.653
1.112
2.010

0.551
0.739
1.022

CTB60

2012
2030
2050

−0.120
−0.169
−0.246

−0.122
−0.187
−0.299

0.421
0.767
1.494

−0.180
−0.306
−0.550

0.341
0.560
0.973

0.661
1.498
3.722

0.827
1.407
2.538

0.659
0.907
1.292

Table 13. The changes in households’ income in agriculture-related sectors under different scenarios
compared with the BAU scenario (%) (from sugar to wood products).
Scenarios

Year

Sugar

Drinks and
Reﬁned Tea

Tobacco
Products

Feed Processing
Industry

Textile

Leather

Wood
Products

CT20

2012
2030
2050

−0.543
−0.879
−1.166

−0.335
−0.589
−0.952

−0.301
−0.545
−0.871

−0.173
−0.276
−0.351

−0.069
−0.136
−0.381

0.150
0.407
1.382

−0.406
−0.727
−1.124

CT30

2012
2030
2050

−0.723
−0.958
−1.199

−0.463
−0.662
−1.013

−0.413
−0.622
−0.932

−0.232
−0.293
−0.371

−0.091
−0.177
−0.451

0.231
0.546
1.583

0.562
−0.819
−1.175

CT40

2012
2030
2050

−0.843
−1.015
−1.235

−0.558
−0.722
−1.082

−0.513
−0.682
−0.995

−0.267
−0.303
−0.392

−0.120
−0.212
−0.517

0.355
0.680
1.792

−0.686
−0.891
−1.231

CTB40

2012
2030
2050

0.604
0.927
1.493

0.452
0.731
1.247

0.389
0.618
1.033

0.210
0.305
0.460

0.093
0.217
0.554

0.562
1.002
1.903

0.510
0.852
1.507

CTB60

2012
2030
2050

0.826
1.228
1.907

0.560
0.948
1.702

0.494
0.755
1.211

0.260
0.384
0.592

0.118
0.270
0.676

0.693
1.199
2.203

0.661
1.106
1.960

At the same time, compared with the other scenarios, we ﬁnd that in the CT20, CT40, and CT60
scenarios, although the income levels of the slaughter and meat processing industry and the leather
products industry show a positive deviation, the income levels of the other 21 agriculture-related
sectors show different degrees of negative deviation. In addition, in the CTB40 and CTB60 scenarios,
the level of income will increase compared with BAU in nonsubsidized agricultural industries, which
may be related to a reduction in the production tax resulting in the expansion of the scale of production,
increasing production and stimulating consumption.
4. Discussions
4.1. Policy Implications
Through the above analysis, we can see that in order to achieve agricultural CO2 emissions
reductions, we cannot blindly imitate foreign advanced concepts and successful practices. On the
contrary, we should combine these concepts with the speciﬁc circumstances of the various regions of
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China, according to local conditions, to explore suitable paths and methods for China’s agricultural
CO2 emissions. Speciﬁc practices are as follows:
(1)

Find the optimal combination of carbon tax policies.

The simulation results show that levying a carbon tax at the same time as cutting indirect taxes in
proportion can reduce the negative impact on agriculture-related sectors. Therefore, the government
should determine the carbon tax levied and at the same time set a reasonable carbon tax levy and
increase the implementation of transfer payments and other supporting measures to ensure that
energy-saving emission reduction measures are effective.
(2)

Consider the time effect of the carbon tax.

Given that the effect of the carbon tax in the short term is stronger than in the long term, in the
short term, a carbon tax can be the main measure to reduce emissions. In the long term, a carbon tax is
as a supplemental tool, and other energy-saving emission reduction methods are the main measures.
(3)

Actively explore ways to reduce CO2 emissions in agriculture-related sectors.

As the results of this study show, due to the natural fragility of China’s agriculture-related sectors,
a carbon tax would impose a serious impact on China’s economy of agriculture-related sectors. There is
an urgent need to explore other ways to solve the problem of agricultural CO2 emissions reductions,
such as improving energy efﬁciency or using alternative energy sources, etc., in order to minimize the
intensity of the impact on agriculture-related sectors.
As the scope of carbon tax levied mainly due to the combustion of fossil fuels caused by CO2
emissions, this paper does not consider other CO2 sources such as pesticide and fertilizer. Finally,
the relevant policy recommendations based on the results mainly reﬂect the impact of the carbon
tax levied on the intermediate production process of agricultural-related sectors. Therefore, when
considering limiting CO2 emissions in agricultural-related sectors, on the one hand, tax means can be
useful; on the other hand, reducing the intensity of agricultural chemicals, and gradually increasing
the input proportion of organic fertilizer, biological pesticides, and other low-carbon green production
can limit CO2 emissions effectively.
4.2. Future Prospects
Although the carbon tax is considered to be one of the most efﬁcient policy means for reducing
emissions, it has been controversial about how exactly the carbon tax is levied. Due to the limitations
of research conditions, research level, and time, this paper has some of the shortcomings. In the future,
efforts and improvements can be made in the following aspects.
(1)
(2)

(3)
(4)

Introduce carbon trading mechanism to make the scenarios more colorful under the premise of
the combination of the carbon tax policy and the carbon trading mechanism.
Further improve the accuracy of the data. Most of the parameters in this model refer to the
existing research results. In future research, more detailed data surveys should be conducted to
calibrate the parameters more accurately and should be more in line with the characteristics of
the real economy.
Strengthen the model scenarios design to improve the degree of discrimination of carbon tax
impacts between different scenarios.
Update the basic data in a timely manner to improve the accuracy of the results.

5. Conclusions
As a basic industry in China, agriculture has faced more and more problems from CO2 emissions.
Therefore, under the premise of ensuring the stability of China’s agriculture-related economics,
formulating effective policy mechanisms to reduce agricultural CO2 emissions is a serious problem.
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Based on this situation, this article analyzes the degree of inﬂuence of agricultural CO2 emissions on
the macroenvironment, on macroeconomic variables, and on the speciﬁc agriculture-related sectors of
the 3EAD-CGE model. The conclusions are as follows:
(1)

(2)

Whether the short-term and long-term effects of carbon taxes on agriculture-related sectors
would be signiﬁcant if the carbon tax was simply implemented at an incremental rate rather than
compensating for the negative effects of carbon taxes. This study provides detailed data that
supports the views of most people against the imposition of a carbon tax. From the simulation
results, we can see that the capacity in China’s agriculture-related sectors to deal with CO2
emissions is very fragile. The conclusion of this analysis also veriﬁes why the Chinese government
did not adopt the relevant agencies’ recommendations to levy a carbon tax in 2012.
A policy levying a carbon tax at the same time as cutting indirect taxes in proportion will exert
a negative impact on agriculture-related sectors that are subsidized, but the impact is gentler
than carrying out a carbon tax alone. From the results of the current model simulations, scenario
CTB60 can achieve the best result. However, such a policy is still not conducive to capital
accumulation and capital expansion in agriculture-related sectors that are subsidized. In the
future development of carbon tax policy, we must carefully consider its impact on the subsidized
industries to ensure the output does not decline below China’s base crop yield red line.
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Abstract: Issues related to global environmental protection are highly important. Under the global
trend of energy saving and carbon reduction, in order to lower the carbon emissions of products
or services offered by enterprises, the Taiwanese government aims to control carbon emissions by
constructing a carbon tax system and mandating enterprises to pay a carbon tax. The collection of
a carbon tax can minimize the total social environmental cost and increase the efﬁciency of carbon
reduction; the need to control the green quality cost can serve as a criterion of green management
decision-making. This study aimed to reorganize carbon emissions in different stages of production
in order to lower the total carbon emissions of products. Activity-based costing (ABC) was adopted to
assess green quality management and production cost. The optimal green quality production portfolio
was selected via a mathematical programming model to focus on the expansion of productivity
and outsourcing strategy in order to effectively lessen the harmful effects on the environment
and maximize proﬁts. Besides academic contributions, the ﬁndings of this study could serve as a
reference to enterprises on assessing the effects of carbon emissions, carbon taxes, and environmental
management on production decision-making.
Keywords: carbon emissions; carbon tax; activity-based costing (ABC); capacity expansion; green
quality management; product-mix decision model; mathematical programming

1. Introduction
Issues regarding climate change have received increased attention in recent years. The misuse
of natural resources by human and industrial activities affect the balance of the life cycle sustained
by Earth and cause abnormal weather and global warming. It is the goal for every nation to stop
exhausting greenhouse gases (GHG) for the Earth to provide a sustainable growing environment.
In May 1992, the United Nations Framework Convention on Climate Change (UNFCCC) was adopted.
It aimed to control the concentration of greenhouse gases in the atmosphere to “a level that would
prevent dangerous anthropogenic interference with the climate system” [1]. Developed economies took
responsibility for environmental protection through forming international organizations or signing
protocols such as the Copenhagen Accord [2], the Kyoto Protocol [3], and the Paris Agreement [1].
Developed economies use these agreements as self-discipline or criterions for countries around the
world to balance economic growth and environment protection. In addition, they recognize that these
agreements will signiﬁcantly reduce the risks and impact of climate change and meet the objective
of “making ﬁnance ﬂows consistent with a pathway towards low greenhouse gas emissions and
climate-resilient development” [1].
Green Quality Management mainly aims at eco-efﬁciency in the complete product life cycle,
including design, raw material selection, process improvement, prevention and treatment of pollution,
Energies 2018, 11, 1858; doi:10.3390/en11071858
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after-sales services and waste recycling, and processing. Quality cost measurement is the ﬁrst step of
quality cost management. Several researchers have proposed various methods to measure the cost of
quality (COQ), which includes prevention, appraisal, internal failure, and external failure costs [4].
The Activity-Based Costing (ABC) approach has been widely used in measuring COQ [5–9] because
many COQ elements are activity-related costs [9]. ABC uses a two-stage cost assignment to compute
the costs of activities in the ﬁrst stage and the costs of the objects in the second stage [10]. Thus, activity
costs can be achieved in the ﬁrst stage and sources of activity costs can be traced in the second stage
of ABC cost assignment. ABC divides activities into value-added (VA) and non-value-added (NVA)
activities. The purpose of green quality management is to reduce the workload of VA activities and to
ﬁnally eliminate the execution of NVA activities related to COQ.
The theory of constraints (TOC), proposed by Goldratt in the book titled “The Goal” [11], aims
to identify the constraints and managing them. There are several constraints in business operations,
and TOC uses ﬁve steps to identify and eliminate the bottlenecks one by one to increase business
performance. One method is capacity expansion with a ﬁxed capital investment to increase the possible
sales and proﬁts.
Carbon taxes aim to reduce carbon emissions, and they offer a potentially cost-effective means
of reducing greenhouse gas emissions [12]. Carbon taxes are also an important policy tool for
environmental protection to prompt companies to pursue optimal environmental management under
tax considerations [13–15]. Currently, carbon taxes are assessed differently from country to country
due to variances in environmental policies, so companies must incorporate them in their production
and pricing decisions [16,17].
In view of the above discussion, the purpose of this paper was to propose a green quality
management decision model with the consideration of carbon taxes and capacity expansion under
ABC. This study took the tire industry as an example to illustrate the application of the model presented
in this paper. In addition to considering factors such as carbon taxes, capacity resource limitations,
and market demand, this study also took the emissions reduction of pollution during the production
process into account. This study combined models of TOC, ABC, green quality management and
capacity expansion and used mix-integer programming (MIP) to ﬁnd the optimal product mix and
its resource consumption analysis as a basis for green decision-making. In addition, this paper also
discussed how the production plan, derived from the green quality management decision model, can
be executed with the help of Industry 4.0 techniques. The remainder of this paper is organized into
four sections. Section 2 details the literature about the concepts of environmental management under
intelligent manufacturing and the production ﬂow in the Tire industry. Section 3 presents the research
method. The green quality management decision model is developed in Section 4. A numerical
example is used to demonstrate how to solve these models with MIP and sensitivity analysis under the
consideration of carbon taxes and capacity expansion in Section 5. Finally, discussions and conclusions
are presented in Sections 6 and 7, respectively.
2. Green Quality Management in the Tire Manufacturing Industry
2.1. Green Quality Cost Management
The purpose of green quality cost management is to ﬁnd, identify, and quantify the direct and
indirect environment-related costs in production so as to help improve the environmental performance
of enterprises, realize cost control, evaluate investments in equipment and technology of clean
production and pollution prevention and treatment, and develop better processes and green products
according to the concept of environmental protection and clean production [6]. Further, it may
provide valuable information for decision makers in terms of product structure, retention, and pricing
strategies, etc. Green quality cost data can provide important indicators to evaluate the environment
quality of enterprises, and can also play an essential part in determining whether the green quality
cost management system is effective or not. Objective standards are provided to determine whether
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the green quality management cost stays aligned with the purpose of environmental protection.
Green quality management cost consists of the prevention cost, appraisal cost, internal failure, and
external failure cost [9].
The preventive activities of green production quality management are intended to establish a
mechanism of enhancing green quality awareness and preventing the impact on the environment.
It reduces the negative impact of products during the life cycle on the environment. The prevention
cost refers to all expenses incurred in this process and mainly includes green quality planning and
renovation projects, green brainstorming activities, the analysis of green process capacity, and green
product design, etc. The prevention cost consists of relevant expenses incurred when preventing
environmental pollution during production and service activities [18].
Appraisal activity costs refer to all expenses incurred in determining whether the prevention
measures achieve the anticipated goals or outcomes. From the design of the product life cycle to
the ﬁrst delivery of goods, the evaluation and assessment activities mainly focus on those which fail
to satisfy the green standards. The appraisal cost assures product speciﬁcations and quality in the
production process based on the quality standards. The appraisal cost includes the necessary expenses
on green quality standards tests such as environment check and testing expenses, the purchase of
materials and process examination fees, as well as quality checks and diagnostic products tests, etc. [9].
Internal failure activity costs refer to the costs and losses incurred when the products have defects
and fail to meet the green quality standards after production but before delivery [19]. Internal failure
costs include the cost of reproduction, losses from waste, damaged products, failure analysis, and
reexamination due to the failure of meeting the green standards and quality standards [19,20].
External failure activity costs refer to the costs and losses incurred when the products have defects
and fail to meet the green quality standards after delivery. External failure costs include the cost
of after-sale service and warranties, any penalties and compensation incurred due to the failure of
observing relevant laws and regulations in the process, any unexpected expenses from the disposal
of waste, and the reduction of operating income resulting from negative public images regarding
environmental protection, etc. [21].
2.2. Production Flow in the Tire Industry
Figure 1 shows the tire production ﬂow chart. There are four main activities, as shown below:
(1)

(2)

(3)

(4)

Mixing and Component preparation: First, natural rubber, processed oil, carbon black, and other
chemicals are mixed into a compound using a Banbury mixer, which is then squeezed into a thin
sheet using extruders. Other components include fabric calendar transferred from textiles and
fabric, and wire calendar, steel calendar, bead, and belt transferred from steel.
Tire building: The tire building machine pre-shapes radial tires into a form very close to their
ﬁnal dimensions to make sure the many components are in their proper positions before the tire
goes into the mold.
Curing press: The curing press is where tires attain their ﬁnal shape and tread pattern. Hot molds
shape and vulcanize the tire. The molds are then engraved with the tread pattern and
sidewall marking.
Tire inspection: Trained inspectors perform a visual inspection to check the tire surfaces. A balance
inspection and force variation are then carried out to check uniformity. Finally, some tires are
sampled from the production line and X-rayed to detect any hidden weaknesses or internal
failures. In addition, quality control engineers regularly perform cut sections and study details of
the tire construction that affect performance, ride, or safety [22].
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Figure 1. Tire production ﬂow chart.

2.3. Shop Flow Control and ABC Costing with the Help of Industry 4.0
2.3.1. Origin and Meaning of Industry 4.0
The era of Industry 4.0 is coming for the global manufacturing industry. This is the biggest change
since the third industrial revolution in 1970. Automated production has been upgraded to the level of
intelligent manufacturing [23], which is also called the fourth industrial revolution. The concept of
Industry 4.0 was ﬁrst mentioned at the Hannover Fair in 2011. It means to apply the Internet of Things
and system service applications into the production process to become a cyber-physical production
system [24]. It vertically integrates production factors such as materials, human resources, equipment,
and factories to form an intelligent manufacturing network and, at the same time, horizontally
integrates the value chains of supply vendors and customers as a value creation network and reduces
pollution and greenhouse gas emissions during production as much as possible [25].
Industry 4.0 places emphasis on its products’ inﬂuences on the environment by taking advantages
of different concepts of a smart factory, which include green production, intelligent production and
urban production. Meanwhile, big data is adopted to analyze corporate conditions and resources to
guide enterprises with environmentally friendly guidelines during their development of innovative
green technology [26] so that they can make efﬁcient use of resources, reduce costs, and relieve the
impact of operating activities on the environment in current and expanding production.
Under Industry 4.0, virtual models based on the orders of customized tires are produced according
to the advice of existing experts and product design and processing knowledge on the cloud through
the Internet [27]. Then, the physical products are put into production based on the model and a
production schedule is made. A virtual production system control workshop is built and robotic arms
take the place of a traditional workforce in the production of tires by applying automatic assembly
and sensors/actuators in the virtual workshop to the production process [28]. The production data are
sent to the cloud database as digital knowledge accumulation.
2.3.2. Collecting Data for ABC Costing Using Industry 4.0 Techniques
In the past, enterprises were in pursuit of high quality with the most appropriate costs in the
shortest production cycle and lead time, and they made dramatic investments in the establishment of
mechanisms and production management systems, as well as automation. Although they might have
had knowledge of existing problems through various information dashboards, they failed to make full
use of the databases of those systems and the valuable information in the systems. In order to integrate
the goals of multiple systems and keep those goals in line with their corporate mission, enterprises
need to combine data mining technology and the intelligent analysis methods of speciﬁc ﬁelds and
identify key opportunities for breakthroughs from massive amounts of data [29]. As Industry 4.0

276

Energies 2018, 11, 1858

and the era of the Internet of Things approach [30], with the help of wider usage of information
extraction technology through the Internet and cloud computing, integration of both upstream and
downstream information can be easily realized in combination with an automatized factory system.
Intelligent manufacturing will be a niche market that can cater to customers’ demands in the future [31].
In addition, sensors/actuators, high-performance computing systems, and the production control of
intelligent factories will manage to detect various available production capacities in a short time and
arrange conﬁgurations correspondingly and effectively, which avoids inadequate production.
Technically speaking, intelligent factories emphasize mobile sensors/actuators and artiﬁcial
intelligent self-organized machine learning [26]. At the same time, they give full play to the mature
computing virtual technology to accomplish the integration of manufacturing and service in the vertical
activities of corporate entities and further improve the support of relevant activities of enterprises.
Big data for production emphasizes the digitalization of all information, from product design to
after-sales service. With the necessary information for cost analysis available on the cloud system, and
by combining the theory of constraint with the expansion of production capacity and the system of
fundamental operating costs, enterprises can oversee the resource consumption and carbon emissions
of each activity. Through virtual design and analysis of the virtual factory, real-time cost analysis
results and a review of the carbon footprint can be provided before production, which can reduce
the number of potentially damaged products, reproduced products, and carbon emissions during the
production of physical products.
In summary, Industry 4.0 uses cyber-physical systems (CPS) and the Internet of Things (IoT) [13]
to link all the elements in the production system. Then, the system will real-timely collect and monitor
the activity data of all the elements and send out intelligent responses to various problems that may
arise in the manufacturing spots according to the real-time analysis results of big data and cloud
computing. Finally, the production process can be ﬂexibly adjusted or set up differently on the basis
of speciﬁc customer needs to attain the objectives of mass customization and customer satisfaction.
The activity cost calculation and activity improvement of Activity-Based Costing (ABC) can be easily
achieved since all the elements in the manufacturing systems can be integrated and monitored under
Industry 4.0.
3. Research Method
3.1. TOC and Capacity Expansion
First proposed by Goldratt [11], TOC is mainly used to resolve short term product mix and
processing bottleneck resource problems. It is an improved method of the conventional cost accounting
system that hinders the effective output of a company, arguing that all organizations have restrictions
that will affect the activities of the entire organization. Paraskevopoulos, Karakitsos and Rustem [32]
held that the expansion of production capacity should also be included in the production plan when
uncertainties emerge in the production environment so that the production capacity can be adjusted if
there are any changes in the external environment. They found that the bottleneck factors determine
the level of product mix ﬂexibility, and that bottleneck improvements make a better contribution than
non-bottleneck improvements.
Targeted at the present operating process and production level, the theory of constraints explores
the best management method. However, for decision-making about long-term production, the
production capacity of each activity must be speciﬁcally planned. When confronted with gaps in the
production capacity, enterprises should adopt different strategies to expand production capacity in
order to meet demands, such as recruiting new employees, purchasing more equipment, outsourcing,
working overtime, or renting equipment. Aghezzaf [33] proposed that production capacity does
not merely mean the production capacity of the equipment but also the available workforce in each
period, which should be given high priority and taken into consideration to develop a series of efﬁcient
algorithms for human resource schemes based on strategies. When the production capacity of human
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resources is calculated, the results should be transferred into the production capacity for both regular
time and overtime. Kok [34] indicated that when demands surpass the available production capacity,
two strategies of production capacity, including postponing and outsourcing, should be utilized to
build a mathematical model. Then, the enterprises can choose the best strategy with lower costs and
other relevant parameters between the two strategies.
3.2. Green Quality Cost Measurement under ABC
Kaplan and Cooper ﬁrst proposed ABC in 1988 to overcome the distortion of the conventional cost
accounting system [35]. ABC uses a two-stage cost assignment method and considers resource drivers
and activity drivers as the bases of cost assignment, as shown in Figure 2. ABC assumes that cost
objects (e.g., products, product lines, processes, customers, channels, and markets, etc.) create the need
for activities, and that activities create the need for resources. Accordingly, ABC uses a two-stage cost
assignment method to assign resource costs to cost objects. In the ﬁrst stage, resource costs are assigned
to various activities by using resource drivers. Resource drivers are the factors that approximate the
consumption of resources by the activities. The appropriate resource drivers are determined according
to the analysis of the correlation between resources and activity costs [36]. Each type of resource traced
to an activity becomes a cost element of an activity cost pool. Thus, an activity cost pool is the total
cost associated with an activity. An activity center is composed of related activities that are usually
clustered by function or process. It is possible to create activity centers by various ways according to
different information needs [9].
In the second stage, each activity cost pool is distributed to the cost objects using an adequate
activity driver which is used to measure the consumption of activities by the cost objects [10]. If the
cost objects are products, then the total cost of a speciﬁc product can be calculated by adding the
direct material cost and the direct labor cost, as well as the costs of various activities assigned to that
product [9]. At the second stage, the appropriate activity drivers are determined according to different
activity levels (e.g., unit-level, batch-level, process-level, product-level, or facility-level) in order to
summarize the cost databases before attributing costs to the cost objects, thus obtaining reliable cost
assignment information [10,36]. Unit-level activities are performed one time for one unit of product,
e.g., 100 percent inspections, machining, or ﬁnishing, etc. Batch-level activities are performed one time
for a batch of products, e.g., sampling inspections, set-up, or scheduling, etc. Process-level activities
are performed to sustain the operations of a process, e.g., the various tasks executed in a process.
Product-level activities are performed to beneﬁt all units of a particular product, e.g., product design,
design veriﬁcation, or review, etc. Facility-level activities are performed to sustain the manufacturing
facility, e.g., plant guards and management, or zero defect programs, etc. [9].
Kaplan and Cooper argued that ABC emphasizes the relationship between the activities and the
consumption of resources; therefore, it can provide product decision-making information and help
managers with decisions regarding product design, pricing, product mix, marketing, and process
improvements [35]. ABC provides information in the recognition of activities that cause poor quality by
classifying all activities as either value-added (VA) or non-value-added (NVA) activities. According to
this categorization, VA activities are those that contribute to the value (increase the quality and
effectiveness of use) of the product/services delivered. As NVA activities do not contribute to the
value of the product/services, their elimination decreases the related costs and has no effect on the
value of the products/services [9,37]. As ABC can provide an effective and complete estimation of
product costs, enterprises may use ABC and calculate the costs of products to improve the product
mix based on costs and determine the pricing strategies [38]. By connecting corporate strategies
with the decision-making of the operating management, managers can make full use of the valuable
activities of their companies. With regard to the activities that cannot fulﬁll the goals of enterprises,
reforms or changes can be made. Rectiﬁcations can be immediately performed when the project is
found to deviate from the original plan to ensure the accomplishment of investment plans. ABC can
effectively trace each activity of the costs and then categorize the costs to corresponding products
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according to the causes of the activities so as to provide a reasonable sharing method and improve
the production performance measuring method. Particularly, when an enterprise has complicated
categories of products or processes, ABC can provide assistance with managers to learn the resource
consumption of different products and processes and offer better cost management [16].
In this paper, the activities of ABC model were classiﬁed into green quality-related activities and
green quality-unrelated activities. A COQ activity center was created for green quality-related activities.
Within the COQ activity center, four nested activity centers were established, i.e., prevention, appraisal,
internal failure, and external failure activity centers [9]. For the purpose of improvement, regardless of
being green quality-related or quality-unrelated activities, all activities should be identiﬁed as VA or
NVA activities, as shown in Figure 2.

Figure 2. Cost Assignment of ABC’s two-stage model.

3.3. Carbon Tax Functions
The objective of a carbon tax is to reduce the harmful and unfavorable levels of carbon dioxide
emissions, thereby decelerating climate change and its negative effects on the environment and human
health [39]. A carbon tax imposes a tax on each unit of carbon emissions and gives companies an
incentive to reduce pollution whenever doing so will cost less than paying the tax [40]. In the literature,
“carbon tax” [12,13,15,17,41] and “emission tax” [42–44] are used interchangeably, although some argue
that a carbon tax simply puts a price on carbon dioxide emissions while an emissions tax puts a price
on all pollution emissions, not just carbon dioxide, including methane, carbon monoxide, nitrous oxide,
or ﬂuorinated gases, etc. [45]. Some authors use “carbon emission tax” [46–48]. However, most authors
mean to levy on all pollution emissions which are converted to a carbon equivalent [49]. This paper
also adopted the concept of all pollution emissions and the carbon equivalent.
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This study intended to explore the effects of carbon tax levies on production mix decisions.
Figure 3 is the carbon tax function with a ﬁxed tax rate, which has been adopted by many countries
presently. However, if the carbon tax level is too low, companies may want to pay the tax and continue
to pollute. Thus, the government may use carbon tax functions that have a full progressive tax rate
without a threshold (Figure 4) [50] or with a threshold (Figure 5). In these two carbon tax functions, the
higher a company’s carbon emission quantity, the higher the carbon tax rate. It will have aggressive
effect on carbon emission reduction. However, considering small companies with very low levels of
production and high levels of carbon pollution, the government may use the carbon tax system with a
threshold, as shown in Figure 5, where a company will have a carbon tax exemption when its carbon
emission quantity is under threshold quantity [51]. In this paper, a carbon tax system with progressive
tax rates and a threshold was used for illustration. On the other hand, the government should help
companies reduce carbon emissions by providing subsidies for carbon emission control equipment
or other methods. A carbon tax can be a regressive tax, in that it may directly or indirectly affect
low-income groups disproportionately [41]. The latter allows for different rates at different carbon
levels and can still create a meaningful impact in carbon reduction [52].

Figure 3. The ﬁxed tax rate.

Figure 4. The full progressive tax rate without a threshold.
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Figure 5. The full progressive tax rate with a threshold.

4. Model Formulation
4.1. Assumptions
The green quality management decision model under ABC presented in this paper had several
assumptions. First, assume that a multi-product company had various levels of activities including
unit-level, batch-level, product-level, and facility-level activities. The company had determined the
resource drivers and activity drivers used in ABC analysis. Second, the company also had calculated
the unit cost of each activity based on the actual running activity cost per activity driver and used in
the model. Third, the facility-level activity cost was a common ﬁxed cost. Fourth, direct labor resources
can be expanded by using additional shifts or overtime work with higher wage rates. Fifth, machine
hour resources also can be expanded by renting more machines. Sixth, the products’ selling prices
were constant within the relevant range of the analysis.
4.2. Green Quality Management Decision Model under ABC
According to the assumptions described above, this paper presented a general model that
incorporated material purchase discounts, capacity expansions, capacity constraints, waste disposal,
and carbon tax expenditures to determine an optimal product-mix decision.
4.2.1. Notations
The following notations were used in this paper:
π: The company’s maximized proﬁt
pi : The unit selling price of product i
qi : The production quantity of product i
Lr : The unit cost of the rth material, without a purchase discount
Ldr : The unit cost of the rth material, with the ﬁrst purchase discount rate
Lddr : The unit cost of the rth material, with the second purchase discount rate
Mr : The quantity of the rth material, without a purchase discount
Mdr : The quantity of the rth material, with the ﬁrst purchase discount rate
Mddr : The quantity of the rth material, with the second purchase discount rate
dir : The requirement of the rth material for product i
Xr : The upper limit of the rth material quantity with the second purchase discount rate; it is also
the available quantity of the rth material
Wr : The upper limit of the rth material quantity with the ﬁrst purchase discount rate
TDr : The upper limit of the rth material quantity without a purchase discount
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NDr : a 0–1 variable. NDr = 1 means that the purchase quantity of the rth material falls within
the ﬁrst range of the rth material purchase quantity which dissatisﬁes the threshold for a discount;
otherwise, NDr = 0
SDr : a 0–1 variable. SDr = 1 means that the purchase quantity of the rth material falls within the
second range of the rth material purchase quantity which will have the ﬁrst purchase discount rate;
otherwise, SDr = 0
ODr : a 0–1 variable. ODr = 1 means that the quantity of the rth material falls within the
third range of the rth material purchase quantity which will have the second purchase discount rate;
otherwise, ODr = 0
WC1 : Total direct labor cost when labor hour is below the total normal labor hour, W H1
WC2 : Total direct labor cost in W H2
WC3 : Total direct labor cost in W H3
TWH: Total direct labor hour
W H1 : The available normal direct labor hour
W H2 : The upper limit of labor hour with the ﬁrst overtime wage rate
W H3 : The upper limit of labor hour with the second overtime wage rate
(η1 , η2 ): An SOS1 (special ordered set of type 1) set of 0–1 variables, within which exactly one
variable must be non-zero
(α0 , α1 , α2 ): An SOS2 (special ordered set of type 2) set of non-negative variables, within which at
most two adjacent variables, in the order given to the set, can be non-zero
toi : Time of rework mix processing of product i
tci : Time to shift each batch of product i to rework mix department
tδi : Time to maintain building tires
tτi : Time for the inspection of product i
BAi : Batches of product i in rework mix processing
δi : Batches of product i in maintenance
si : Quantity of each maintenance of product i
Ri : Demand of product i
τi : 0–1 variable. If product i is not produced, it is 0; otherwise, it is 1
σo : Capacity of rework mix processing department
σδ : Capacity of maintenance department
στ : Capacity of inspection department
WA1 : Total waste disposal cost in WQ1
WA2 : Total waste disposal cost in WQ2
WA3 : Total waste disposal cost in WQ3
wi : The average waste disposal quantity for one unit of product i
n

WAQ: The total quantity of waste disposal; WAQ = ∑ wi qi
i =1

WQ1 : The upper limit of waste disposal quantity with the ﬁrst waste disposal cost rate
WQ2 : The upper limit of waste disposal quantity with the second waste disposal cost rate
WQ3 : The upper limit of waste disposal quantity with the third waste disposal cost rate
(μ1 , μ2 , μ3 ): An SOS1 (special ordered set of type 1) set of 0–1 variables, within which exactly one
variable must be non-zero
( β 0 , β 1 , β 2 , β 3 ): An SOS2 (special ordered set of type 2) set of non-negative variables, within which
at most two adjacent variables, in the order given to the set, can be non-zero.
TAi : The carbon emission quantity per unit of product i
n

TCQ: The company’s total carbon emission quantity; TCQ = ∑ TAi qi
i =1

T1 : The carbon tax rate when TCQ falls within the ﬁrst taxable range of carbon emission quantity
T2 : The carbon tax rate when TCQ falls within the second taxable range of carbon emission quantity
T3 : The carbon tax rate when TCQ falls within the third taxable range of carbon emission quantity

282

Energies 2018, 11, 1858

At : The company’s total carbon emission quantity when TCQ falls within the range of carbon
emission quantity without carbon tax
Bt : The company’s total carbon emission quantity when TCQ falls within the ﬁrst taxable range of
carbon emission quantity
Ct : The company’s total carbon emission quantity when TCQ falls within the second taxable range
of carbon emission quantity
Dt : The company’s total carbon emission quantity when TCQ falls within the third taxable range
of carbon emission quantity
Q1 : The upper limit of carbon emission quantity without carbon tax
Q2 : The upper limit of carbon emission quantity with the ﬁrst carbon tax rate
Q3 : The upper limit of carbon emission quantity with the second carbon tax rate
G1 : 0–1 variable. G1 = 1 means that TCQ falls within the range of carbon emission quantity
without carbon tax; otherwise, G1 = 0
G2 : 0–1 variable. G2 = 1 means that TCQ falls within the ﬁrst taxable range of carbon emission
quantity; otherwise, G2 = 0
G3 : 0–1 variable. G3 = 1 means that TCQ falls within the second taxable range of carbon emission
quantity; otherwise, G3 = 0
G4 : 0–1 variable. G4 = 1 means that TCQ falls within the third taxable range of carbon emission
quantity; otherwise, G4 = 0
( G1 , G2 , G3 , G4 ): An SOS1 set of 0–1 variables, within which exactly one variable must be one,
which is a set of 0–1 indicator variables
Hi The carbon emission quantity for one unit of product i
MCk : Total machine cost when the machine hour is expanded to kth level of machine resource, MAK
MAK : The machine hour when the machine hour is expanded to kth level of machine resource
(θi1 , θi2 , . . . , θik ): An SOS1 set of 0–1 variables, within which exactly one variable must be one,
which is a set of 0–1 variables indicating which level of machine hours the machine hour resource is
expended to.
4.2.2. The Objective Function
The objective of the model is to maximize the total profit of the company, as shown in Equation (1):
MAXπ =

n

s

∑ pi qi − ∑ ( Lr Mr + Ldr Mdr + Lddr Mddr ) − [WC1 + (WC2 − WC1 )α1 + (WC3 − WC1 )α2 ]

i =1

r =1

n

n

n

i =1

i =1

− ∑ (toi +tci )k o BAi − ∑ (tδi δi + t pi qi )k δ − ∑ (tτi k τ τi ) − (WA1 β 1 + WA2 β 2 + WA3 β 3 )
i =1

(1)

t

−[ T1 ( Bt − Q1 ) + T2 (Ct − Q1 ) + T3 ( Dt − Q1 )] − ∑ MCk θk − FC
k =0

MAXπ = Total revenue − Direct material cost − Direct labor cost − Rework cost − Maintenance
cost − Inspection cost − Waste disposal cost − Carbon tax − Machine cost − Other ﬁxed cost,
n

where ∑ pi qi is the total revenue,
i =1

s

∑ ( Lr Mr + Ldr Mdr + Lddr Mddr ) is the total direct material cost,

r =1

n

[WC1 + (WC2 − WC1 )α1 + (WC3 − WC1 )α2 ] is the total direct labor cost, ∑ (toi +tci )k o oi is the total
n

n

i =1

i =1

i =1

rework cost, ∑ (tδi δi + t pi qi )k δ is the total maintenance cost, ∑ (tτi k τ τi ) is the total inspection cost,

(WA1 β 1 + WA2 β 2 + WA3 β 3 ) is the waste disposal cost, [ T1 ( Bt − Q1 ) + T2 (Ct − Q1 ) + T3 ( Dt − Q1 )] is
t

the total carbon tax, ∑ MCk θk is the total machine cost, and FC is the total other ﬁxed cost. These costs
k =0

and their associated constraints are described in the following sub-sections.
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4.2.3. Total Direct Material Cost
s

According to the assumption for attaining a discount on the purchase of material, the term

∑ ( Lr Mr + Ldr Mdr + Lddr Mddr ) in Equation (1) represent the total direct material costs with (r ∈ D )

r =1

and without (r ∈ D ) a purchase discount. The material cost function with a purchase quantity
discount is shown in Figure 6 [53–56]. There are three ranges of material purchase quantities, [0,TDr ],
(TDr ,W r ], and (W r ,Xr ], in which the unit costs are Lr , Ldr , and Lddr , respectively, and Lr < Ldr < Lddr .
The constraints associated with the material cost are shown in Equations (2)–(10).
Direct material quantity constraints:
n

∑ dir qi ≤ Xr ; r = 1, 2, . . . , s; r ∈/ D

(2)

∑ dir qi ≤ Mr + Mdr + Mddr ; r = 1, 2, . . . , s; r ∈ D

(3)

Mr ≥ 0; r = 1, 2, . . . , s

(4)

Mr ≤ TDr NDr ; r = 1, 2, . . . , s; r ∈ D

(5)

Mdr ≥ TDr SDr ; r = 1, 2, . . . , s; r ∈ D

(6)

Mdr ≤ Wr SDr ; r = 1, 2, . . . , s; r ∈ D

(7)

Mddr ≥ Wr ODr ; r = 1, 2, . . . , s; r ∈ D

(8)

Mddr ≤ Xr ODr ; r = 1, 2, . . . , s; r ∈ D

(9)

NDr + SDr + ODr = 1; r = 1, 2, . . . , s; r ∈ D

(10)

n

i =1

i =1

Figure 6. Direct material cost.

Equation (2) is the direct material quantity constraint for materials without a purchase discount
(r ∈ D ). Equations (3)–(10) are the constraints for the materials with a purchase discount(r ∈ D ). Mr ,
MDr , and Mddr represent the variables of the material purchase quantity in the three ranges of Figure 5.
In addition, NDr + SDr + ODr = 1, and NDr , SDr , ODr are 0–1 indicator variables which are used to
indicate which range the material purchase quantity is in for the optimal solution. For example, if
NDr = 1, then SDr = ODr = 0 from Equation (10), which indicates the material purchase quantity
is in ﬁrst range of Figure 5. Then, 0 ≤ Mr ≤ TDr from Equations (4) and (5), Mdr = Mddr = 0 from
n

Equations (6)–(9), and ∑ dir qi ≤ Mr from Equation (3). Therefore, the total material cost is Lr Mr for
i =1

the material with a purchase discount.
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4.2.4. Total Direct Labor Cost
In Equation (1) WC1 + (WC2 − WC1 )α1 + (WC3 − WC1 )α2 represents the total direct labor costs.
It is assumed that the direct labor cost for production can be expanded using overtime work, additional
night shifts and the hiring of temporary workers as shown in Figure 7. In Figure 7, the available
normal direct labor hour is WH1 , with the ﬁxed cost WC1 used no matter how many labor hours the
company uses. The labor resources can be expanded to WH2 and WH3 with two different higher wage
rates. The total additional labor costs are represented by (WC2 − WC1 )α1 + (WC3 − WC1 )α2 , and the
associated constraints are shown in Equations (11)–(16).
Direct labor hour constraints:
TW H ≤ W H1 + (W H2 − W H1 )α1 + (W H3 − W H1 )α2

(11)

α 0 − η1 ≤ 0

(12)

α 1 − η1 − η2 ≤ 0

(13)

α 2 − η2 ≤ 0

(14)

α0 + α1 + α2 = 1

(15)

η1 + η2 = 1

(16)

Figure 7. Direct labor cost.

In Equations (11)–(16), (η1 , η2 ) is an SOS1 set of 0–1 variables, within which exactly one variable
must be one; (α0 , α1 , α2 ) is an SOS2 set of non-negative variables, within which at most two adjacent
variables in the order can be non-zero.
For example, if η1 = 1, then η2 = 0 from Equation (16), α0 ≤ 1, α1 ≤ 1, α2 = 0 from
Equations (12)–(14), and α0 + α1 = 1 from Equation (15). Thus, the total labor hours ( TW H ) needed
is W H1 + (W H2 − W H1 )α1 , and the total labor cost is TWC = WC1 + (WC2 − WC1 )α1 . This means
that the production will require overtime work in the ﬁrst overtime work range of Figure 7, and
the ﬁnal ( TW H, TWC ) will fall within the second segment of Figure 7, where ( TW H, TWC ) is the
linear combination of (W H1 , WC1 ) and (W H2 , WC2 ). In addition, if η2 = 1, then η1 = 0 from
Equation (16), α0 = 0, α1 ≤ 1, α2 ≤ 1 from Equations (12)–(14), and α1 + α2 = 1 from Equation (15).
Thus, the total labor hour needed is W H1 + (W H2 − W H1 )α1 + (W H3 − W H1 )α2 and total labor cost
is WC1 + (WC2 − WC1 )α1 + (WC3 − WC1 )α2 . This indicates that the production will require overtime
work in the second overtime work range of Figure 7, and the ﬁnal ( TW H, TWC ) will fall within
the second segment of Figure 6, where ( TW H, TWC ) is the linear combination of (W H2 , WC2 ) and
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(W H3 , WC3 ). When η2 = 1 and α0 = 1, then η1 = α1 = α2 = 0 from Equations (12)–(16), the total
direct labor hours is TW H ≤ W H1 from Equation (11) and the total labor cost is the ﬁxed cost WC1 .
4.2.5. Total Rework Cost
n

In Equation (1), ∑ (toi +tci )k o BAi represents the total rework mix processing costs, and the
i =1

associated constraints are shown in Equation (17). toi is the time of rework mix processing and tci is the
time to shift each batch of product i to the rework mix department [57–59]. After mixing, the rubber
charge is dropped into a chute and fed by an extruding screw into a roller die. Alternatively, the batch
can be dropped onto an open rubber mill system. k0 is the unit labor/hour cost of the rework mix
processing department. Rework mix processing refers to applying mechanical work to the ingredients
in order to blend them into a homogeneous substance. BAi is the batches of rework mix processing
and σo is the rework mix processing department production capacity.
Rework constraints:
n

∑ (toi BAi + tci BAi ) ≤ σo ;

i =1

i = 1, 2, . . . , n

(17)

4.2.6. Total Maintenance Cost
n

In Equation (1), ∑ (tδi δi + t pi qi )k δ represents the tire building maintenance costs, and the
i =1

associated constraints are shown in Equations (18) and (19). tδi is the time to maintain building
tires, t pi is the time to package tires, k δ is the unit labor/hour costs of the maintenance tire building
department, δi is the amount of maintenance, and si is the quantity of each maintenance activity.
Equation (18) is the constraint concerning the product quantity and Equation (19) is the constraint
concerning the capacity of the maintenance department.
Maintenance constraints:
(18)
qi = si δi ; i = 1, 2, . . . , n
n

∑ (tδi δi + t pi qi ) ≤ σδ ;

i =1

i = 1, 2, . . . , n

(19)

4.2.7. Total Inspection Cost
After the tire has been cured, large commercial truck/bus tires, as well as some passenger and
light truck tires, are inspected by X-ray or magnetic induction based inspection machines. Tire balance
measurement is a test where the tire is automatically placed on wheel halves, rotated at a high speed,
n

and measured for imbalance. In Equation (1), ∑ (tτi k τ τi ) represents the tire inspection cost, and
i =1

the associated constraints are shown in Equations (20) and (21). k τ is the unit tire inspection hourly
cost, tτi is the inspection time for product i, and στ is the tire inspection capacity. Equation (20) is the
constraint for tire inspection hour capacity, and Equation (21) is the constraint for product demand.
τi is a 0–1 variable, in other words, if a tire is not produced, then τi = 0 will result in qi = 0 from
Equation (21); conversely, if it is produced, then τi = 1 will result in 0 ≤ qi ≤ Ri from Equation (21).
Inspection constraints:
n

∑ (tτi τi ) ≤ στ ;

i = 1, 2, . . . , n

(20)

0 ≤ qi ≤ Ri τi ; i = 1, 2, . . . , n

(21)

i =1

4.2.8. Total Waste Disposal Cost
The term (WA1 β 1 + WA2 β 2 + WA3 β 3 ) in Equation (1) represents the total waste disposal cost of
tire production. It is assumed that the total waste disposal cost function is shown in Figure 8, which is
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a piecewise linear function composed of three segments with different disposal rates. The constraints
associated with the company’s total waste disposal quantity (WAQ) are as shown in Equations (22)–(38).
n

In Equation (22), WAQ represents the total waste disposal quantity, and WAQ = ∑ wi qi , where wi is
i =1

the average waste disposal quantity for one unit of product i.
In Equations (23)–(28), (μ1 , μ2 , μ3 ) is an SOS1 set of 0–1 variables, within which exactly one
variable must be one; ( β 0 , β 1 , β 2 , β 3 ) is an SOS2 set of non-negative variables, within which no more
than two adjacent variables to the order in the set are non-zero. (μ1 , μ2 , μ3 ) is a set of indicator variables
that indicate which range the company’s total waste disposal quantity falls within. If μ1 = 1, then
μ2 = μ3 = 0 from Equation (28), β 0 ≤ 1, β 1 ≤ 1, and β 2 = β 3 = 0 from Equations (23)–(26). Thus, the
company’s total waste disposal quantity falls within the ﬁrst range, [0, WQ1 ], i.e., WAQ = WQ1 β 1
from Equation (22), and the total waste disposal cost is WA1 β 1 . Similarly, If μ2 = 1, then the company’s
total waste disposal quantity falls within the second range, [WQ1 , WQ2 ]; If μ3 = 1, then the company’s
total waste disposal quantity falls within the third range, [WQ2 , WQ3 ].

Figure 8. Waste disposal cost.

Waste disposal quantity constraints:
WAQ =

n

∑ wi qi = WQ1 β1 + WQ2 β2 + WQ3 β3

(22)

i =1

β 0 − μ1 ≤ 0

(23)

β 1 − μ1 − μ2 ≤ 0

(24)

β 2 − μ2 − μ3 ≤ 0

(25)

β 3 − μ3 ≤ 0

(26)

β0 + β1 + β2 + β3 = 1

(27)

μ1 + μ2 + μ3 = 1

(28)

4.2.9. Carbon Tax Expenditure
The terms [ T1 ( Bt − Q1 ) + T2 (Ct − Q1 ) + T3 ( Dt − Q1 )] in Equation (1) represent the total carbon
tax incurred during tire production. It is assumed that the carbon tax function is shown in Figure 4
(replicated for easy reading), which has the full progressive tax rates with a threshold. The constraints
associated with the carbon tax function in Figure 4 are shown in Equations (29)–(37).
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Carbon tax constraints:
TCQ =

n

∑ TAi qi = At + Bt + Ct + Dt

i =1

(29)

At ≥ 0

(30)

At ≤ G1 Q1

(31)

Bt > G2 Q1

(32)

Bt ≤ G2 Q2

(33)

Ct > G3 Q2

(34)

Ct ≤ G3 Q3

(35)

Dt > G4 Q3

(36)

G1 + G2 + G3 + G4 = 1

(37)

The tire industry is a high emission industry, and the carbon tax is expected to be efﬁcient in
terms of the downscaling of production and reduced emissions. A higher rate is imposed on higher
carbon contents, and all carbon content levels are accompanied with corresponding progressive rates.
The full progressive tax system reports better results in carbon reductions. In Figure 4, the carbon tax
n

rate T1 < T2 < T3 . In Equation (29), the company’s total carbon emission quantity is TCQ = ∑ TAi qi
i =1

where TAi is the carbon emission quantity per unit of product i; and At , Bt , C t , D t are the variables
of TCQ when it falls within the ﬁrst, second, third, and fourth range of carbon emission quantity
shown in Figure 4, respectively. Also, Bt , Ct , Dt are the variables of TCQ when it falls within the ﬁrst,
second, and third taxable range of carbon emission quantity whose carbon tax rates are T1 , T2 , and T3 ,
respectively. In Equation (37), ( G1 , G2 , G3 , G4 ) is an SOS1 set of 0–1 variables, within which exactly
one variable must be one, which is a set of 0–1 indicator variables. If G1 = 1, then G2 = G3 = G4 = 0
from Equation (37), 0 ≤ At ≤ G1 Q1 from Equations (30) and (31), and Bt = Ct = Dt = 0 from
Equations (32)–(36). Thus, TCQ falls within the ﬁrst range of Figure 4, in which the carbon tax is zero.
Similarly, TCQ falls within the second, third, or fourth range of carbon emission quantities in Figure 4
when G2 = 1, G3 = 1, or G4 = 1.
4.2.10. Total Machine Cost
As shown in Figure 9, this paper assumes that the machine costs are regarded as ﬁxed costs
with stepwise function for various machine hour ranges. The total machine cost is MC0 under the
current capacity of MAi0 machine hours. If tire production requires an expansion of machine hours to
MAi1 , MAi2 , . . . , or MAik , the total machine cost will increase to MCi1 , Mi2 , . . . , or MCik , respectively.
t

According to the assumption, the term ∑ MCik θik in Equation (1) represents the total machine costs,
k =0

and the associated constraints are shown in Equations (38) and (39). (θi1 , θi2 , . . . , θik ) is an SOS1 set of
0–1 variables, within which exactly one variable must be one, which is a set of 0–1 indicator variables.
If θik = 1, then the machine hours will be expanded to MAik θik , i.e., Hi qi ≤ MAk θk , where Hi is the
carbon emission quantity for one unit of product i. Thus, the machine cost will be MCik θik .
Stepwise machine hour constraints:
Hi qi ≤

t

∑ MAik θik ;

k =0

t

∑ θik = 1;

k =0

i = 1, 2, . . . , n

i = 1, 2, . . . , n
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Figure 9. Stepwise process-level activity cost.

4.2.11. The Complete Model
The complete green quality management decision model included the objective function, i.e.,
Equation (1), and Equation (38) constraints associated with various costs, i.e., Equations (2)–(39).
This model was used for the analyses of four scenarios for carbon tax and capacity expansion:

•

•

•

•

Scenario 1: Current Capacity without Carbon Tax. The complete model for Scenario 1 included
the objective function, Equation (1), and 28 constraints, Equations (2)–(28), and Equation (38), in
which Equation (38) is Hi qi ≤ MAi0 .
Scenario 2: Capacity Expansion without Carbon Tax. The complete model for Scenario 2 included
the objective function, Equation (1), and Equation (29) constraints, Equations (2)–(28), and
Equations (38) and (39).
Scenario 3: Current Capacity with Carbon Tax. The complete model for Scenario 3 included
the objective function, Equation (1), and Equation (37) constraints, Equations (2)–(38), in which
Equation (38) is Hi qi ≤ MAi0 .
Scenario 4: Capacity Expansion with Carbon Tax. The complete model for Scenario 4 included the
objective function, Equation (1), and Equation (38) constraints, Equations (2)–(39).

5. Numerical Illustration
In this section, a numerical example was used to illustrate the application of the model.
5.1. Data and Description of a Numerical Example
In this section, a numerical example in Company X was used to illustrate the concepts described
in the previous section. First, this research obtained the optimal product-mix decision under current
capacity status. Then, this research considered the capacity expansion. Finally, this research analyzed
the optimal product-mix decision under current capacity and capacity expansion with a carbon tax.
It was assumed that Product 1, Product 2 and Product 3 could be sold for NT $4000, NT $6000, and NT
$7500 per unit.
The production process of Company X is shown in Figure 1. Company X needed the following
main activities in producing tire products: two unit-level activities, tire building and mixing (U = {1,2});
two batch-level activities, component preparation and curing (B = {3,4}); and one product-level
activity, product design (P = {5}). These activities would need direct material and direct labor hours.
Three process-level activities using machine 1, machine 2, and machine 3 were used for product 1,
product 2, and product 3, respectively. The company’s rework mix processing and extruder control
departments were mainly used for rework processing and inspection of each batch of chemicals to
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the mixing department. On average, each rework mix processing took about 15 min for Product 1,
Product 2, and Product 3, and rework mixing natural rubber and chemicals required 50 min, 55 min,
and 60 min, respectively, to transfer Product 1, Product 2, and Product 3 to the tire building department.
It took about 50 min for each order in the maintenance and pressing department, and it took eight
minutes for the pressing of each unit of tires. It required 150 h, 300 h, and 250 h to process each batch
of Product 1, Product 2, and Product 3 for inspection, respectively, and the inspection costs were NT
$702,500. In the second stage of the ABC cost assignment view, the activity costs were traced to the cost
objects. ABC uses activity drivers to measure the consumption of activities by the cost objects. In this
example, products were used as the cost objects. This could trace COQ-related and COQ-unrelated
costs to the products, as shown in Table 1.
Table 1. Activity analysis in accordance with COQ and ABC.
Activities

Activity Drivers

ABC Categories

COQ Scheme

Direct labor
Machine 1
Machine 2
Machine 3
Marketing, Plant guard & management
Waste disposal
Carbon emission
Rework
Inspection
Maintenance

Labor hours
Machine hours
Machine hours
Machine hours
Labor hours
Number of disposal
Carbon emission quantities
Labor hours
Inspection hours
Machine hours

VA
VA
VA
VA
VA
NVA
NVA
NVA
VA
VA

Internal failure
External failure
Internal failure
Appraisal
Prevention

VA: Value-added; NVA: Non-value-added.

Compounding is the activity of bringing together natural rubber, process oil, carbon black,
accelerators, and other additives. The curing press is the activity where tires attain their ﬁnal shape and
tread pattern. Inspection did not just stop at the surface; some tires were sampled from the production
line and X-rayed to detect any hidden weaknesses or internal failures. The data of the activity cost for
each process and the available capacity are also presented in Table 2.
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Resources
Capacity (hours)
Per hour/rate

Panel B: Resources consumed

Current capacity
Cost
Machine hours
Capacity expansion 1
Cost
Machine hours
Capacity expansion 2
Cost
Machine hours

Process-level activity

Material Quantities
Direct Labour Constraint
Cost
Labour Hours
Wage Rate
Waste Disposal Constraint
Cost
Disposal Quantity
Disposal Rate
Time Driver
Inspection Hours
Machine Hours
Carbon Emission Constraint
Cost/Unit
Upper Limit of Carbon Emission Quantity

Cost/Unit

Maximum Demand
Selling Price
Quantity of Batch
Quantity of Maintenance
Direct Material Constraint

WA2 = $900,000
WQ2 = 3000
DR2 = $300/h

WA1 = $400,000
WQ1 = 2000
DR1 = $200/h

$100,000
σo = 250
k0 = $400/h

Rework

T2 = $50/unit
Q2 = 12,000

WC2 = $1,100,000
WH2 = 5000
WR2 = $250/h

WC1 = $600,000
WH1 = 3000
WR1 = $200/h

T1 = $40/unit
Q1 = 10,000

Ld1 = $40/unit
W 1 = 20,000

L1 = $50/unit
L2 = $40/unit
TD1 = 10,000

Panel A: Production Information

tτi
Hi

BAi
si

MC21 = $600,000
MA21 = 4000
MC22 = $1,200,000
MA22 = 6000

MC11 = $450,000
MA11 = 3000
MC12 = $1,000,000
MA12 = 5000

$1,230,000
σδ = 4100
k δ = $300/h

Maintenance

MC20 = $300,000
MA20 = 3000

Machine 2

40

300
2

150
2
20

3
-

2
-

8
3
-

40,000
$6000
4
2

Product 2

2
-

2
-

6
2.5
-

70,000
$4000
10
5

Product 1

MC10 = $200,000
MA10 = 2000

Machine 1

T3 = $60/unit
Q3 = 15,000

WA2 = $2,000,000
WQ3 = 5000
DR3 = $400/h

WC3 = $2,400,000
WH3 = 8000
WR3 = $300/h

Ldd1 = $30/unit
-

Table 2. Data for the numerical example.

MC30 = $720,000
MA30 = 6000

Machine 3

Q3 = 15,000

MC32 = $1,800,000
MA32 = 9000

$702,500
στ = 1000
k τ = $702.5/h

Inspection

-

WQ3 = 5000
-

WH3 = 8000
-

X1 = 30,000
X2 = 10,000
-

-

Available
Capacity

MC31 = $1,200,000
MA31 = 8000

50

250
3

3
-

3.5
-

10
4
-

50,000
$7500
4
2

Product 3
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5.2. Four Scenario Analyses
5.2.1. Scenario 1: Current Capacity without Carbon Tax
The mathematical programming model for current capacity without carbon tax is shown in
Table A1, and the optimal solution is shown in Table 3. The optimal product mix was to produce
580 units, 204 units and 408 units of Product 1, Product 2 and Product 3, respectively. It required
10,000 pounds of rubber and 3694 pounds of chemical materials, and it used 1160 h, 408 h and 1224 h
for Machine 1, Machine 2, and Machine 3, respectively. A total of 2996 units of waste was generated,
250 h were spent on rework, 700 h were spent on inspection, and 511 h were spent on maintenance.
For this scenario, the company gained the maximum proﬁt of NT $2,391,377.
5.2.2. Scenario 2: Capacity Expansion without Carbon Tax
The mathematical programming model for capacity expansion without carbon tax is shown in
Table A2, and the optimal solution is shown in Table 4. The optimal product mix was to produce
2300 units of Product 1 only. It required 13,800 pounds of rubber and 5750 pounds of chemical
materials, and it used 4600 h for Machine 1. A total of 4600 units of waste was generated, 249 h were
spent on rework, 150 h were spent on inspection, and 690 h were spent on maintenance. For this
scenario, the company gained the maximum proﬁt of NT $2,685,958.
5.2.3. Scenario 3: Current Capacity with Carbon Tax
The mathematical programming model for current capacity with carbon tax is shown in Table A3,
and the optimal solution is shown in Table 5. The optimal product mix was to produce 1000 units and
284 units of Product 1 and Product 3, respectively. It required 10,000 pounds of rubber and 3636 pounds
of chemical materials, and it used 2000 h and 852 h for Machine 1 and Machine 3, respectively. A total
of 2852 units of waste was generated, 197 h were spent on rework, 450 h were spent on inspection, and
456 h were spent on maintenance. For this scenario, the company gained the maximum proﬁt of NT
$715,867 and paid a carbon tax of NT $1,452,000.
5.2.4. Scenario 4: Capacity Expansion with Carbon Tax
The mathematical programming model for capacity expansion with carbon tax is shown in
Table A4, and the optimal solution is shown in Table 6. The optimal product mix was to produce
1500 units of Product 1 only. It required 10,000 pounds of rubber and 3750 pounds of chemical materials,
and it used 3000 h for Machine 1. A total of 3000 units of waste was generated, 163 h were spent on
rework, 150 h were spent on inspection, and 450 h were spent on maintenance. For this scenario, the
company gained the maximum proﬁt of NT $774,625 and paid a carbon tax NT $1,200,000.
6. Discussion of Results
From Scenario 1 to Scenario 3, the production quantity of Product 1 increased from 580 units to
2300 units, and the production quantities of Product 2 and Product 3 decreased to zero. However, the
total proﬁt increased from $2,391,377 to $2,695,958. In Scenario 3, the optimal product mix was to
produce 2300 units of Product 1, which was determined by the revenue, resource consumptions,
resource expansion costs, the carbon emission quantity of the three products, and the resources
available, etc. Considering the scale of economy or satisfying the present customers’ need for each
product, this study added the constraints of minimum production quantities for products.
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The mathematical programming model for capacity expansion with carbon tax is shown in Table A4.

q1 = 1500 q2 = 0 q3 = 0 Mr1 = 0 Mdr1 = 10, 000 Mddr1 = 0 Mr2 = 3750 α0 = 1 α1 = 0 α2 = 0 β 0 = 0 β 1 = 0 β 2 = 1 β 3 = 0 BA1 = 150 BA2 = 0 BA3 = 0
δ1 = 300 δ2 = 0 δ3 = 0 τ1 = 1 τ2 = 0 τ3 = 0 ND = 0 SD = 1 OD = 0 η1 = 1 η2 = 0 μ1 = 0 μ2 = 1 μ3 = 0 θ10 = 0 θ11 = 1 θ12 = 0 θ20 = 1 θ21 = 0 θ22 = 0
θ30 = 1 θ31 = 0 θ32 = 0 At = 0 Bt = 0 Ct = 0 Dt = 30, 000 G1 = 0 G2 = 0 G3 = 0 G4 = 1

Optimal Product Mix Solution for Capacity Expansion with Carbon Tax (Scenario 4)

Table 6. Optimal solution for capacity expansion with carbon tax (Scenario 4).

The mathematical programming model for current capacity with carbon tax is shown in Table A3.

q1 = 1000 q2 = 0 q3 = 284 Mr1 = 0 Mdr1 = 10, 000 Mddr1 = 0 Mr2 = 3636 α0 = 1 α1 = 0 α2 = 0 β 0 = 0 β 1 = 0 β 2 = 1 β 3 = 0 BA1 = 100 BA2 = 0 BA3 = 71
δ1 = 200 δ2 = 0 δ3 = 142 τ1 = 1 τ2 = 0 τ3 = 1 ND = 0 SD = 1 OD = 0 η1 = 1 η2 = 0 μ1 = 0 μ2 = 1 μ3 = 0 At = 0 Bt = 0 Ct = 0 Dt = 34, 200
G1 = 0 G2 = 0 G3 = 0 G4 = 1

Optimal Product Mix Solution for Current Capacity with Carbon Tax (Scenario 3)

Table 5. Optimal solution for current capacity with carbon tax (Scenario 3).

The mathematical programming model is shown in Table A2.

q1 = 2300 q2 = 0 q3 = 0 Mr1 = 0 Mdr1 = 13, 800 Mddr1 = 0 Mr2 = 5750 α0 = 0 α1 = 1 α2 = 0 β 0 = 0 β 1 = 0 β 2 = 0 β 3 = 1 BA1 = 230 BA2 = 0 BA3 = 0
δ1 = 460 δ2 = 0 δ3 = 0 τ1 = 1 τ2 = 0 τ3 = 0 ND = 0 SD = 1 OD = 0 η1 = 0 η2 = 1 μ1 = 0 μ2 = 0 μ3 = 1 θ10 = 0 θ11 = 0 θ12 = 1 θ20 = 1 θ21 = 0 θ22 = 0
θ30 = 1 θ31 = 0 θ32 = 0

Optimal Product Mix Solution for Capacity Expansion without Carbon Tax (Scenario 2)

Table 4. Optimal solution for capacity expansion without carbon tax (Scenario 2).

The mathematical programming model for current capacity without carbon tax is shown in Table A1.

q1 = 580 q2 = 204 q3 = 408 Mr1 = 0 Mdr1 = 10, 000 Mddr1 = 0 Mr2 = 3694 α0 = 1 α1 = 0 α2 = 0 β 0 = 0 β 1 = 0
β 2 = 1 β 3 = 0 BA1 = 58 BA2 = 51 BA3 = 102 δ1 = 116 δ2 = 102 δ3 = 204 τ1 = 1 τ2 = 1 τ3 = 1 ND = 0 SD = 1 OD = 0
η1 = 1 η2 = 0 μ 1 = 0 μ 2 = 1 μ 3 = 0

Optimal Product Mix Solution for Current Capacity without Carbon Tax (Scenario 1)

Table 3. Optimal solution for current capacity without carbon tax (Scenario 1).
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Similarly, from Scenario 2 to Scenario 4, the production quantity of Product 1 increased from
1000 units to 1500 units, the production quantities of Product 3 decreased to zero, and the total proﬁt
increased from $715,867 to $774,625. The total revenue in the capacity expansion decreased by 130,000
(6,130,000–6,000,000) compared to the original total revenue. Product 1 increased by 500 units, Product
3 decreased by 284 units, and the company’s total carbon tax decreased by 252,000 (1,452,000–1,200,000).
The quantity of Product 1 increased but the company’s total carbon tax did not increase accordingly,
showing that the carbon emission coefﬁcient of Product 1 was lower than that of the other products.
This built-in tax ﬂexibility could help ﬁrms to minimize their compliance costs over time.
The green quality management (GQM) report, shown in Table 7, included the data of the optimal
product-mix, resources consumed, profit, COQ cost, and value-added and non-value-added activity costs
for the four scenarios illustrated in this paper. This report provided several considerable advantages to the
company. First, with the use of ABC, the activities and associated costs were classified as quality-related
or quality-unrelated and VA or NVA in terms of activities. This classification could allow management
to detect opportunities for cost reduction and the elimination of NVA activities which could be used in
cost management [9]. The applied method was allowed to produce optimally and redirect the productive
capacity towards products that save environmental costs and change, modify or redesign the production
system from the environmental and quality cost point of view (such as the introduction of low carbon
technologies or fuel sources, for example). Second, the measurement and reporting of GQM could
provide opportunities which could be used by the organization as long-term performance measurements.
Finally, the GQM report presented the cost of each product by activity and quality basis, which could be
used to compare the contribution of each product to the company.
Table 7. Green quality management report for comparison of the four decision scenarios.
Current Capacity

Capacity Expansion

Without
Carbon Tax
(Scenario 1)

With
Carbon Tax
(Scenario 2)

Without
Carbon Tax
(Scenario 3)

With
Carbon Tax
(Scenario 4)

Panel A:
Production-mix

Product A1
Product A2
Product A3

580
204
408

1000
0
284

2300
0
0

1500
0
0

Panel B:
Resources
Consumed

Direct material 1
Direct material 2
Direct labor hours
Machine 1 (hours)
Machine 2 (hours)
Machine 3 (hours)
Waste disposal
Carbon emission
Rework
Inspection
Maintenance

10,000
3694
2996
1160
408
1224
2996
250
700
511

10,000
3636
2994
2000
0
852
2852
34,200
197
450
456

13,800
5750
4600
4600
0
0
4600
249
150
690

10,000
3750
3000
3000
0
0
3000
30,000
163
150
450

Revenue
Direct material 1
Direct material 2
Direct labor (VA)
Machine 1 (VA)
Machine 2 (VA)
Machine 3 (VA)
Waste disposal cost (NVA, Internal failure)
Carbon tax (NVA, External failure)
Rework cost (NVA, Internal failure)
Inspection cost (VA, Appraisal)
Maintenance cost (VA, Prevention)
Marketing, Plant guard & management (VA)
Income based on resources consumed

6,604,000
400,000
147,760
600,000
200,000
300,000
720,000
900,000
99,933
491,750
153,180
200,000
2,391,377

6,130,000
400,000
145,440
600,000
200,000
300,000
720,000
900,000
1,452,000
78,833
281,000
136,860
200,000
715,867

9,200,000
552,000
230,000
1,100,000
1,000,000
300,000
720,000
2,000,000
99,667
105,375
207,000
200,000
2,685,958

6,000,000
400,000
150,000
600,000
450,000
300,000
720,000
900,000
1,200,000
65,000
105,375
135,000
200,000
774,625

Total product cost
Total activity cost
Total VA cost
Total NVA cost
Total COQ cost

4,012,623
3,664,863
2,664,930
999,933
1,644,863

5,214,133
4,868,693
2,437,860
2,430,833
2,848,693

6,314,042
5,732,042
3,632,375
2,099,667
2,412,042

5,025,375
4,675,375
2,510,375
2,165,000
2,405,375

Table 3

Table 5

Table 4

Table 6

Panel C: Proﬁt

Panel D: COQ
Report

Data Sources
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7. Conclusions
Enterprises expand capacity for proﬁt while governments levy carbon emissions and tax standards
for environmental protection, and it is necessary to take these two factors into consideration in
current enterprise development. As global environmental awareness has become increasingly valued,
enterprises also seek environmental protection while at the time gaining proﬁt [9]. In addition
to government pressure to reduce environmental pollution, people are forcing the government to
formulate strict environmental regulations and levy ﬁnes for environmental pollution. In this way, it is
hoped that enterprises can reduce pollution via environmental management [29].
Capacity expansion concerns whether an enterprise can achieve sustainable growth, increase
sales volume, and even improve enterprise competitiveness. Therefore, how to apply capacity is an
important and key factor of enterprises’ sustainable activities and ability to maintain competitiveness.
The ﬂexible use of capacity strategies to improve competitiveness is also a goal jointly pursued by all
enterprises. As a result, how to make good use of capacity to intensify enterprises’ competitiveness
and advantages is an important issue.
The green quality management decision model proposed in this paper has the following features:

•

•

•

It uses mathematical programming to simultaneously consider material purchase discounts,
capacity expansions, capacity constraints, waste disposal, and carbon tax expenditures in order to
determine an optimal product-mix decision.
It uses Activity-Based Costing to consider various levels of activities in order to accurately measure
the cost of activities, identify the costs of quality, and identify the costs of value-added and
non-value-added activities, which can indicate the possible beneﬁts of improving or eliminating
non-value-added activities.
It successfully formulates the various cost functions in the mathematical programming, such as
material quantity discounts, the labor cost with high overtime rates, the piecewise linear waste
disposal cost function, the machine cost with capacity expansion, and the carbon tax with full
progressive tax rates and a threshold (used in the illustration). In such a way, companies can
incorporate various resource expansions into the mathematical programming model to alleviate
the workload of post-optimal analysis.
Additionally, there are two main contributions of this study:

•

•

First, it can provide decision-makers in tire production with the decisions and actions needed to
respond to carbon tax policies, and it can provide environmental policy-makers with strategic
thinking in policy making.
Second, it can help enterprises plan new practices for emission reduction and energy saving by
combining Activity-based Costing Method and adopting Mathematical Programming Model
analysis to create a win-win production method for environmental protection and enterprise proﬁt.
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Max π

Table A1. The quality management decision model for current capacity without carbon tax (Scenario 1).

Subject to—Inspection
150 × τ1 + 300 × τ2 + 250 × τ3 ≤ 1000
q1 ≤ 7000 × τ1 q2 ≤ 4000 × τ2 q3 ≤ 5000 × τ3
Subject to—Waste Disposal
2 × q1 + 3 × q2 + 3 × q3 − 2000β 1 − 3000 × β 2 − 5000 × β 3 ≤ 0
β 0 − μ1 ≤ 0β 1 − μ1 − μ2 ≤ 0β 2 − μ2 − μ3 ≤ 0β 3 − μ3 ≤ 0
β 0 + β 1 + β 2 + β 3 = 1μ1 + μ2 + μ3 = 1

Mr1

Subject to—Direct Material
6 × q1 + 8 × q2 + 10 × q3 − Mr1 − Mdr1 − Mddr1 ≤ 0
2.5 × q1 + 3 × q2 + 4 × q3 − Mr2 ≤ 0
ND + SD + OD = 1Mr2 ≤ 10, 000Mr2 ≥ 0
≤ 10, 000 × NDMdr1 ≤ 20, 000 × SDMddr1 ≤ 30, 000 × OD
Mdr1 ≥ 10, 000 × SDMddr1 ≥ 20, 000 × OD

Subject to—Rework
15 × BA1 + 15 × BA2 + 15 × BA3 + 50 × BA1 + 55 × BA2 + 60 × BA3 ≤ 250 × 60
q1 = BA1 × 10q2 = BA2 × 4q3 = BA3 × 4
Subject to—Maintenance
50δ1 + 50δ2 + 50δ3 + 8q1 + 8q2 + 8q3 ≤ 4100 × 60
q1 = 5 × δ1 q2 = 2 × δ2 q3 = 2 × δ3

Subject to—Direct Labour
2 × q1 + 2 × q2 + 3.5 × q3 − 3000 − 2000 × α1 − 5000 × α2 ≤ 0
α0 − η1 ≤ 0α1 − η1 − η2 ≤ 0α2 − η2 ≤ 0
η1 + η2 = 1α0 + α1 + α2 = 1
Subject to—Machine Hour
2 × q1 − 2000 ≤ 02 × q2 − 3000 ≤ 03 × q3 − 6000 ≤ 0

= 4000 × q1 + 6000 × q2 + 7500 × q3 − 50 × Mr1 − 40 × Mdr1 − 30 × Mddr1 − 40 × Mr2 − 600, 000 − 500, 000 × α1 − 1, 800, 000 × α2
−15 × 400 × ( BA1 + BA2 + BA3 ) ÷ 60 − 400 × (50 × BA1 + 55 × BA2 + 60 × BA3 ) ÷ 60 − 300 × (50 × δ1 + 50 × δ2 + 50 × δ3 ) ÷ 60 − 300 × (8 × q1 + 8 × q2 + 8 × q3 ) ÷ 60
−702.5 × (150 × τ1 + 300 × τ2 + 250 × τ3 ) − 400, 000 × β 1 − 900, 000 × β 2 + 200, 000 × β 3 − 200, 000 − 300, 000 − 720, 000 − 200, 000

Appendix A
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Max π

Subject to—Inspection
150 × τ1 + 300 × τ2 + 250 × τ3 ≤ 1000
q1 ≤ 7000 × τ1 q2 ≤ 4000 × τ2 q3 ≤ 5000 × τ3
Subject to—Waste Disposal
2 × q1 + 3 × q2 + 3 × q3 − 2000β 1 − 3000 × β 2 − 5000 × β 3 ≤ 0
β 0 − μ1 ≤ 0β 1 − μ1 − μ2 ≤ 0β 2 − μ2 − μ3 ≤ 0β 3 − μ3 ≤ 0
β 0 + β 1 + β 2 + β 3 = 1μ1 + μ2 + μ3 = 1

Mr1

Subject to—Direct Material
6 × q1 + 8 × q2 + 10 × q3 − Mr1 − Mdr1 − Mddr1 ≤ 0
2.5 × q1 + 3 × q2 + 4 × q3 − Mr2 ≤ 0
ND + SD + OD = 1Mr2 ≤ 10, 000Mr2 ≥ 0
≤ 10, 000 × NDMdr1 ≤ 20, 000 × SDMddr1 ≤ 30, 000 × OD
Mdr1 ≥ 10, 000 × SDMddr1 ≥ 20, 000 × OD

Subject to—Stepwise Machine Hour
2 × q1 − 2000 × θ10 − 3000 × θ11 − 5000 × θ12 ≤ 0θ10 + θ11 + θ12 = 1
2 × q2 − 3000 × θ20 − 4000 × θ21 − 6000 × θ22 ≤ 0θ20 + θ21 + θ22 = 1
3 × q3 − 6000 × θ30 − 8000 × θ31 − 9000 × θ32 ≤ 0θ30 + θ31 + θ32 = 1
Subject to—Maintenance
50δ1 + 50δ2 + 50δ3 + 8q1 + 8q2 + 8q3 ≤ 4100 × 60
q1 = 5 × δ1 q2 = 2 × δ2 q3 = 2 × δ3

Subject to—Direct Labour
2 × q1 + 2 × q2 + 3.5 × q3 − 3000 − 2000 × α1 − 5000 × α2 ≤ 0
α0 − η1 ≤ 0α1 − η1 − η2 ≤ 0α2 − η2 ≤ 0
η1 + η2 = 1α0 + α1 + α2 = 1
Subject to—Rework
15 × BA1 + 15 × BA2 + 15 × BA3 + 50 × BA1 + 55 × BA2 + 60 × BA3 ≤ 250 × 60
q1 = BA1 × 10q2 = BA2 × 4q3 = BA3 × 4

= 4000 × q1 + 6000 × q2 + 7500 × q3 − 50 × Mr1 − 40 × Mdr1 − 30 × Mddr1 − 40 × Mr2 − 600, 000 − 500, 000 × α1 − 1, 800, 000 × α2
−15 × 400 × ( BA1 + BA2 + BA3 ) ÷ 60 − 400 × (50 × BA1 + 55 × BA2 + 60 × BA3 ) ÷ 60 − 300 × (50 × δ1 + 50 × δ2 + 50 × δ3 ) ÷ 60 − 300 × (8 × q1 + 8 × q2 + 8 × q3 ) ÷ 60
−702.5 × (150 × τ1 + 300 × τ2 + 250 × τ3 ) − 400, 000 × β 1 − 900, 000 × β 2 + 200, 000 × β 3
−200, 000 × θ10 − 300, 000 × θ20 − 720, 000 × θ30 − 450, 000 × θ11 − 600, 000 × θ21 − 1, 200, 000 × θ31 − 1, 000, 000 × θ12 − 1, 200, 000 × θ22 − 1, 800, 000 × θ32 − 200, 000

Table A2. The quality management decision model for capacity expansion without carbon tax (Scenario 2).
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Subject to—Waste Disposal
2 × q1 + 3 × q2 + 3 × q3 − 2000β 1 − 3000 × β 2 − 5000 × β 3 ≤ 0
β 0 − μ1 ≤ 0β 1 − μ1 − μ2 ≤ 0β 2 − μ2 − μ3 ≤ 0β 3 − μ3 ≤ 0
β 0 + β 1 + β 2 + β 3 = 1μ1 + μ2 + μ3 = 1
Subject to—Carbon Tax
20 × q1 + 40 × q2 + 50 × q3 ≤ At + Bt + Ct + Dt
At ≥ 0At ≤ G1 × 10, 000Bt ≥ G2 × 10, 000Bt ≤ G2 × 12, 000
Ct ≥ G3 × 12, 000Ct ≤ G3 × 15, 000Dt ≥ G4 × 15, 000
G1 + G2 + G3 + G4 = 1

Mr1

Subject to—Direct Material
6 × q1 + 8 × q2 + 10 × q3 − Mr1 − Mdr1 − Mddr1 ≤ 0
2.5 × q1 + 3 × q2 + 4 × q3 − Mr2 ≤ 0
ND + SD + OD = 1Mr2 ≤ 10, 000Mr2 ≥ 0
≤ 10, 000 × NDMdr1 ≤ 20, 000 × SDMddr1 ≤ 30, 000 × OD
Mdr1 ≥ 10, 000 × SDMddr1 ≥ 20, 000 × OD

Subject to—Rework
15 × BA1 + 15 × BA2 + 15 × BA3 + 50 × BA1 + 55 × BA2 + 60 × BA3 ≤ 250 × 60
q1 = BA1 × 10q2 = BA2 × 4q3 = BA3 × 4
Subject to—Maintenance
50δ1 + 50δ2 + 50δ3 + 8q1 + 8q2 + 8q3 ≤ 4100 × 60
q1 = 5 × δ1 q2 = 2 × δ2 q3 = 2 × δ3
Subject to—Inspection
150 × τ1 + 300 × τ2 + 250 × τ3 ≤ 1000
q1 ≤ 7000 × τ1 q2 ≤ 4000 × τ2 q3 ≤ 5000 × τ3

Subject to—Direct Labour
2 × q1 + 2 × q2 + 3.5 × q3 − 3000 − 2000 × α1 − 5000 × α2 ≤ 0
α0 − η1 ≤ 0α1 − η1 − η2 ≤ 0α2 − η2 ≤ 0
η1 + η2 = 1α0 + α1 + α2 = 1
Subject to—Machine hour
2 × q1 − 2000 ≤ 02 × q2 − 3000 ≤ 03 × q3 − 6000 ≤ 0

= 4000 × q1 + 6000 × q2 + 7500 × q3 − 50 × Mr1 − 40 × Mdr1 − 30 × Mddr1 − 40 × Mr2 − 600, 000 − 500, 000 × α1 − 1, 800, 000 × α2
−15 × 400 × ( BA1 + BA2 + BA3 ) ÷ 60 − 400 × (50 × BA1 + 55 × BA2 + 60 × BA3 ) ÷ 60 − 300 × (50 × δ1 + 50 × δ2 + 50 × δ3 ) ÷ 60 − 300 × (8 × q1 + 8 × q2 + 8 × q3 ) ÷ 60
−702.5 × (150 × τ1 + 300 × τ2 + 250 × τ3 ) − 400, 000 × β 1 − 900, 000 × β 2 + 200, 000 × β 3 − 40 × ( Bt − 10, 000) − 50 × (Ct − 10, 000) − 60 × ( Dt − 10, 000)
−200, 000 − 300, 000 − 720, 000 − 200, 000

Table A3. The quality management decision model for current capacity with carbon tax (Scenario 3).
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Max π

Subject to—Inspection
150 × τ1 + 300 × τ2 + 250 × τ3 ≤ 1000
q1 ≤ 7000 × τ1 q2 ≤ 4000 × τ2 q3 ≤ 5000 × τ3
Subject to—Waste disposal
2 × q1 + 3 × q2 + 3 × q3 − 2000β 1 − 3000 × β 2 − 5000 × β 3 ≤ 0
β 0 − μ1 ≤ 0β 1 − μ1 − μ2 ≤ 0β 2 − μ2 − μ3 ≤ 0β 3 − μ3 ≤ 0
β 0 + β 1 + β 2 + β 3 = 1μ1 + μ2 + μ3 = 1
Subject to—Shipping
50δ1 + 50δ2 + 50δ3 + 8q1 + 8q2 + 8q3 ≤ 4100 × 60
q1 = 5 × δ1 q2 = 2 × δ2 q3 = 2 × δ3

Mr1

Subject to—Direct Material
6 × q1 + 8 × q2 + 10 × q3 − Mr1 − Mdr1 − Mddr1 ≤ 0
2.5 × q1 + 3 × q2 + 4 × q3 − Mr2 ≤ 0
ND + SD + OD = 1Mr2 ≤ 10, 000Mr2 ≥ 0
≤ 10, 000 × NDMdr1 ≤ 20, 000 × SDMddr1 ≤ 30, 000 × OD
Mdr1 ≥ 10, 000 × SDMddr1 ≥ 20, 000 × OD

Subject to—Stepwise Machine Hour
2 × q1 − 2000 × θ10 − 3000 × θ11 − 5000 × θ12 ≤ 0θ10 + θ11 + θ12 = 1
2 × q2 − 3000 × θ20 − 4000 × θ21 − 6000 × θ22 ≤ 0θ20 + θ21 + θ22 = 1
3 × q3 − 6000 × θ30 − 8000 × θ31 − 9000 × θ32 ≤ 0θ30 + θ31 + θ32 = 1
Subject to—Carbon Tax
20 × q1 + 40 × q2 + 50 × q3 ≤ At + Bt + Ct + Dt
At ≥ 0At ≤ G1 × 10, 000Bt ≥ G2 × 10, 000Bt ≤ G2 × 12, 000
Ct ≥ G3 × 12, 000Ct ≤ G3 × 15, 000Dt ≥ G4 × 15, 000
G1 + G2 + G3 + G4 = 1

Subject to—Direct Labour
2 × q1 + 2 × q2 + 3.5 × q3 − 3000 − 2000 × α1 − 5000 × α2 ≤ 0
α0 − η1 ≤ 0α1 − η1 − η2 ≤ 0α2 − η2 ≤ 0
η1 + η2 = 1α0 + α1 + α2 = 1
Subject to—Rework
15 × BA1 + 15 × BA2 + 15 × BA3 + 50 × BA1 + 55 × BA2 + 60 × BA3 ≤ 250 × 60
q1 = BA1 × 10q2 = BA2 × 4q3 = BA3 × 4

= 4000 × q1 + 6000 × q2 + 7500 × q3 − 50 × Mr1 − 40 × Mdr1 − 30 × Mddr1 − 40 × Mr2 − 600, 000 − 500, 000 × α1 − 1, 800, 000 × α2 − 15 × 400 × ( BA1 + BA2 + BA3 ) ÷ 60
−400 × (50 × BA1 + 55 × BA2 + 60 × BA3 ) ÷ 60 − 300 × (50 × δ1 + 50 × δ2 + 50 × δ3 ) ÷ 60 − 300 × (8 × q1 + 8 × q2 + 8 × q3 ) ÷ 60 − 702.5 × (150 × τ1 + 300 × τ2 + 250 × τ3 )
−400, 000 × β 1 − 900, 000 × β 2 − 200, 000β 3 − 40 × ( Bt − 10, 000) − 50 × (Ct − 10, 000) − 60 × ( Dt − 10, 000) − 200, 000 × θ10 − 300, 000 × θ20 − 720, 000 × θ30
−450, 000 × θ11 − 600, 000 × θ21 − 1, 200, 000 × θ31 − 1, 000, 000 × θ12 − 1, 200, 000 × θ22 − 1, 800, 000 × θ32 − 200, 000

Table A4. The quality management decision model for capacity expansion with carbon tax (Scenario 4).
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Abstract: The textile industry is one of the world’s major sources of industrial pollution, and related
environmental issues are becoming an ever greater concern. This paper considers the environmental
issues of carbon emissions, energy recycling, and waste reuse, and uses a mathematical programming
model with Activity-Based Costing (ABC) and the Theory of Constraints (TOC) to achieve proﬁt
maximization. This paper discusses the combination of mathematical programming and Industry 4.0
techniques to achieve the purpose of green production planning and control for the textile industry
in the new era. The mathematical programming model is used to determine the optimal product
mix under various production constraints, while Industry 4.0 techniques are used to control the
production progress to achieve the planning targets. With the help of an Industry 4.0 real-time sensor
and detection system, it can achieve the purposes of recycling waste, reducing carbon emission,
saving energy and cost, and ﬁnally achieving a maximization of proﬁt. The main contributions of
this research are using mathematical programming approach to formulate the decision model with
ABC cost data and TOC constraints for the textile companies and clarifying the relation between
mathematical programming models and Industry 4.0 techniques. Managers in the textile companies
can apply this decision model to achieve the optimal product-mix under various constraints and
to evaluate the effect on proﬁt of carbon emissions, energy recycling, waste reuse, and material
quantity discount.
Keywords: activity-based costing (ABC); mathematical programming; textile industry; green manufacturing;
Industry 4.0; carbon emissions

1. Introduction
The traditional textile industry has always been labor-intensive and highly polluting [1]. In the
past, the textile industry production process was very complicated. Many detailed actions needed to be
executed; this caused a production trend of large volume but less variety [2]. Now people are paying
more attention to product quality and unique requirements due to technology and people’s living
habits change. As a result, the manufacturing industry has moved toward customized production [3,4].
Technology has also been strengthened in response to such changes. Recently, many manufactures
have been inﬂuenced by Industry 4.0. They are not only optimizing the manufacturing processes,
but also effectively controlling industrial pollution with the assistance of data maintenance and
monitoring [5,6].
The Industry 4.0 smart manufacturing concept was ﬁrst presented at the Hanover Fair (Germany)
in 2011, where it received great attention from different industry sectors in various nations [7,8].
Some researchers claim that the main essentials of Industry 4.0 are the integration of system components
and the digitalization of manufacturing/service operations [9,10]. However, most companies in the
textile industry are hesitant to introduce Industry 4.0 because of serious concerns about the uncertain
Energies 2018, 11, 2072; doi:10.3390/en11082072
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ﬁnancial beneﬁts and lack of professional knowledge. Thus, a Textile Learning Factory 4.0 was set up
and open in March 2017 by the Institut für Textiltechnik der RWTH Aachen University in Aachen,
Germany [9]. The Textile Learning Factory 4.0 is a building with two implementation levels: Level
1 demonstrates the current state operation (lean production) and Level 2 demonstrates the future
state operation (Industry 4.0) for the textile industry. The purpose of the factory is to provide a
real-life demonstration and learning environment to teach textile companies how to plan the digital
transformation to Industry 4.0. The factory is also used as a base for piloting new digital solutions for
the textile industry. This may promote the applications of Industry 4.0 in textile companies around
the world.
Industry 4.0 will use various sensor systems to real-timely monitor and collect the operations data
of production systems and return immediate responses to various problems that may arise during
production by using the results of real-timely analyzing big data. Finally, mass customization can be
achieved by ﬁne-tuning or adjusting the production process differently with the customer needs [7,11].
Industry 4.0 has been applied in various industries, including textile [9,10,12,13] and other process
industries [8,14,15]. This research focuses on the textile industry.
In response to the current situation, this research uses the Activity-Based Costing (ABC) method
to enhance the accuracy of cost estimates [16], in conjunction with the Theory of Constraints (TOC) to
consider the possible constraints of production and sales, to achieve maximum proﬁt under various
constraints [17]. ABC and TOC are combined to deal with the problem of short-term operations and
long-term cost management [18,19]. ABC uses two-stage cost assignment to compute the accurate
costs of cost objects. ABC calculates the costs of activities in the ﬁrst stage and the costs of the
cost objects in the second stage [20]. Thus, textile processes/activity costs can be achieved in the
ﬁrst stage. TOC uses ﬁve steps to identify and eliminate the bottlenecks one by one to increase
business performance. TOC can be used in the mathematical programming models for various
kinds of problem [21–27]. In this research, TOC is used to form the various production and sales
constraints. In summary, the mathematical programming model with ABC costs and TOC constraints
is used for production planning to derive maximum proﬁt [28–30]. In the literature, the mathematical
programming approach has been applied in the textile industry for inventory [31], scheduling [32],
and product-mix problems [33,34].
In this paper, Industry 4.0, activity-based costing and environmental issues are combined to
improve the efﬁciency of green production. This paper considers the environmental issues of carbon
emissions, energy recycling, and waste reuse, and uses a mathematical programming model with
Activity-Based Costing (ABC) and the Theory of Constraints (TOC) to achieve proﬁt maximization.
This paper discusses the combination of mathematical programming and Industry 4.0 techniques to
achieve the purpose of green production planning and control for the textile industry in the new era.
The mathematical programming model is used to determine the optimal product mix under various
production constraints, while Industry 4.0 techniques are used to control the production progress to
achieve the planning targets. With the help of an Industry 4.0 real-time sensor and detection system,
it can achieve the purposes of recycling waste, reducing carbon emission, saving energy and cost,
and ﬁnally achieving a maximization of proﬁt. With the approach proposed in this paper, corporations
can simultaneously control the impact on the environment and ensure their proﬁtability.
The remainder of this paper is organized into ﬁve sections. Section 2 describes the research
background of this research. Section 3 develops the green production planning model under ABC.
An illustrative case study is presented in Section 4 to demonstrate how to apply the model proposed
in this paper and to conduct the sensitivity analysis of the direct material discount. Manufacturing
execution system for production control under Industry 4.0 in the textile industry is explained in
Section 5. Finally, discussions and conclusions are presented in Sections 6 and 7, respectively.
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2. Research Background
2.1. Brief of Industry 4.0
From the eighteenth century up to today, there have been four industrial revolutions. The ﬁrst
industrial revolution started with the invention of the steam engine and led to a manual-production
industry. The second included the use of electrical energy and assembly lines for mass production.
The third was marked by the emergence of the computer, IT systems and automation. The fourth
industrial revolution is called Industry 4.0; it combines the new technologies of Cyber-Physical Systems
(CPS), Internet of Things (IoT), big data and cloud computing to enhance production efﬁciency [35,36].
Industry 4.0 is a new developmental stage rather than an extension of the third industrial revolution.
It is especially suited to mass customization production. By means of CPS and IOT, machines can
communicate with each other and send data in real time to systems and people [37,38].
Manufacturing operations have been transformed from traditional production into intelligent
production. Industry 4.0 faces increased competitiveness and more complex challenges in dealing
with the status of demographic changes, production processes, resources and the environment [39,40].
Hence, Industry 4.0 will solve problems with the use of CPS and IoT. Enterprises need vertical
integration by the use of networks. CPS can connect resources and products through large data
analysis and intelligent sensing technology to automate the monitoring of plant inventory, demand and
equipment failure, and is well suited for maintenance management. At the same time, all the processing
stages of the production process are recorded, including product variability, order modiﬁcation,
quality instability or machine failure, and other factors. As a result, material wear can be more
effectively controlled, and waste in the production process will be reduced, thus increasing efﬁciency.
However, enterprises also need horizontal integration of the production process, from purchasing,
production and even sales, or from suppliers to the company, and ﬁnally to the customer. It is not only
applicable to the production stage, but also extends to commodity development, subscriptions, plans,
assembly and distribution, to ensure quality, time control, risk, price and environmental protection;
in so doing, other factors in the entire value chain of each link are immediately controlled [5,38,41].
For the textile industry, Küsters et al. claimed that there are the following Industry 4.0 applications:
(1) Status monitoring for real-time process parameters; (2) Product shadow for tracking the product
production cycle; (3) Digital assistant system for instructing operators; (4) Digital performance
management for problem solving by providing the digital Key Performance Indicator (KPI) board;
(5) Automated Guided Vehicles (AGV) for material handling; (6) YET for analyzing Yield, Energy,
and Throughput; (7) iCycle time for real-time line balancing; (8) Real-time WIP for real-time tracking
of the Work-In-Process; (9) Predictive maintenance for breakdown prevention by the analysis of
Big Data; (10) Smart routing and work station setup for self-adjusting work stations; (11) In-line
Quality Control (QC) and adaptive machining by using the parameter or image analysis of Big Data;
(12) Human-machine collaboration; (13) 3D printing for tailored production components; and so on [9].
2.2. The Inﬂuence of Industry 4.0 and Green Production on the Textile Industry
The textile industry is one of the major sources of environmental pollution in the industrial
world [42]. The main environmental problems are those attributable to carbon emissions and the
discharge of untreated wastewater. Recently, there has been an increased awareness of the need for
environmental protection and green production. It is therefore obligatory that the textile production
process must conform to the required standards of emissions.
The textile industry’s Industry 4.0 requires the digital factory. Its core technology is Cyber-Physical
Systems (CPS). This is the real equipment’s computer software mapping. Every step of the production
process is compiled in the virtual world to establish a high simulation of digitalism in the virtual and
real worlds; this process will be simulated and optimized on the materials, products and factories in
the real physical world. Next, the Internet of Things (IoT) is used to gather information by sensor,
Programmable Logic Controller (PLC), visual equipment, etc., to transfer information through the
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Internet to accomplish Human-Computer Interaction (HCT) [43–45]. Then, using the Internet to
transmit information, people or machines can be operate based on the data collected for analysis and
decision-making, with objects controlled by connection to the Internet for the implementation of the
tasks and decision-making; objects connected with the Internet can even communicate and cooperate
with each other directly.
The textile industry is a labor-intensive industry, and its complex manufacturing processes and
long supply chain characteristics mean that large variety and small volume customized production
requires an “intelligent” factory [46,47]. Industry 4.0, as it relates to the textile industry, has three
characteristics: production network, Cyber-Physical Systems (CPS) and Internet of Things (IoT). In the
smart factory, CPS is the real equipment’s software mapping in the computer. Every step of the
production process may be compiled in the virtual world to establish high level digital simulation
of in the virtual and real world. The process will simulate and optimize the materials, products and
factories of the real physical world. Manufacture execution systems (MES) will manage the master
data, situation and maintenance records of equipment, like helping suppliers in the production value
chain obtain and exchange real-time production information, and ensure that all of the components
supplied by the supplier will arrive at the right time in the right order [48,49].
Industry 4.0 is more than machine automation; it involves the whole production process. First,
there is real-time monitoring, digitizing and the setting up of the cyber-physical systems for the
plant’s machinery. The manufacturer sets the sensors on the machines and concatenates all of them
via a network to continuously collect production data and send the data to the enterprise resource
planning system (ERP) [50–54]. Then there is the gathering and organizing of data to be sent to
the cloud platform to analyze the big data [37,55]. Cloud platforms serve just like human vertebra;
they are vertical integrations of systems from upstream to downstream. According to customer
demand, material supply may be changed via machine-to-machine conversation and real-time status
monitoring [55–57]. In the past, production was limited by the extant technology. Since different
lengths of cloth consume almost the same amount of dye and water, the product yield is less and the
cost is higher. While it was very difﬁcult to achieve large variety and small volume manufacturing,
the smart factory solves the problem of the cost of customized production, matching the cost of mass
production [58].
3. Green Production Planning Model under ABC by Using Mathematical Programming
3.1. A Production Process for a Typical Textile Company
The traditional textile industry is a labor-intensive. Every process needs a lot of workers to
complete the product [46,47]. The product is a result of yarn spinning, weaving, dyeing and ﬁnishing.
There are three main processes involved in fabric production as shown in Figure 1. The ﬁrst step is
yarn production made from ﬁbers by drawing and twisting bobbins together and then spinning it to
turn in into yarn. The next step is the weaving. The weaving machine requires two sets of the yarn:
warp and weft set, and the two sets of yarn are then joined together by weaving. The fabric made from
the looms without any further processing is called greige fabric. Next, the fresh greige fabric is stained,
but as it still contains impurities, it must be washed. The fabric is then dyed in a high temperature,
high pressure dyeing machine. Finally, the fabric is given a special tactile impression and function,
like smooth, suede, waterproof, wrinkle-free, non-felting, ﬂame retardant, etc. Currently, as a result of
the development of science and technology, enterprises can vertically integrate all aspects of the textile
industry, so that the quantity and quality can be self-controlled.
In addition, dyeing machines require high heat, often produced by coal in the dyeing and ﬁnishing
process, but burning coal is harmful to the environment, A plant will mix the waste cinder with cement
to produce the light texture and good permeability of ecological bricks (eco-brick). The production
of eco-bricks is not only beneﬁcial to the environment, but also saves costs by avoiding the expenses
incurred by shipping out the cinders.
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Finished Fabric
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Figure 1. The process of producing textiles.

3.2. Assumptions
To develop vertical integration following the Industry 4.0 decision model and without loss of
generality (WLOG), this paper discuss the classic textile production process in the following. One unit
material processed in the process of twisting will produce e1 units of draw textured yarn and (1 − e1 )
units of scrap include false yarn. Drawn textured yarn can not only be sold, but may be further
processed; scrap yarn will be sold at a lower price. After further processing by weaving, it will produce
e2 units of greige fabric and (1 − e2 ) units of scrap fabric. Greige fabric can be sold or further processed.
The ﬁnal process is that of dyeing and ﬁnishing, and then the ﬁnished fabric is produced.
Except for assumptions of the production process, the green production of the Industry 4.0
decision model purposed has the following assumptions. First, the activities are categorized as
unit-level and batch-level; resource drivers and activity drivers connect with ABC and Theory of
Constraints (TOC) [23–25]. Second, the model does not involve capacity expansion and outsourcing
of resources and materials, such as machine hours. Third, the labor working hours can be enhanced
through overtime work with higher wage rates conforming to government regulations. Fourth, when
the material quantity exceeds the threshold quantities, the purchaser obtains a piecewise price discount
for all material resources. Fifth, the cost of CO2 emissions is dependent on emission quantities that
are taxed at different rates as a piecewise variable cost. Sixth, water and heat resulting from energy
recycling save costs. Seventh, ﬁxed costs include machine costs, depreciation and other required
production costs.
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3.3. Objective Function
The objective function of the green production planning model under ABC and Industry 4.0 is
as follows:
Maximize π = Total Revenue of main product + Revenue of by product − Total material cost − Total direct
labor cost − Carbon tax − Energy recycling cost saving − Total other ﬁxed cost
π = [P 1 X11 +P2 X21 +P3 X22 +β1 (1 − e1 )M + β2 (1 − e2 )X12 +β3 e3 X22 ] − [ (C 1 M + C2 m22d ) + (C 3 m22c +C4 m22m )]−
[L0 +η1 rot (Q1 −G0 )] − [δ1 rc1 (TC1 −GC0 )+δ2 rc2 (TC2 −GC0 )]+(C 5 REh +C6 REw ) − F,

(1)

where
Pi
X11
X12
X21
X22
βi
e1
e2
e3
C1 , C2 , C3 , C4
C5 , C6
M
m22d
m22c
m22m
L0
η0 , η 1
rot
Q1
G0
δ0 , δ1 , δ2
rc1
rc2
TC1
TC2
GC0
REh , REw
F

The unit selling price of i product
The selling quantities of drawn textured yarn
The future processing quantities of drawn textured yarn
The selling quantities of greige fabric
The selling quantities of ﬁnished fabric
The unit selling price of i by-product
The input-output coefﬁcient from POY to drawn textured yarn and scrap yarn
The input-output coefﬁcient from textured yarn to greige fabric and scrap fabric
The input-output coefﬁcient of Eco-Brick
The unit material cost of M, m22d , m22c and m22m
The unit recycle saving cost of heat and water
The material quantities of POY
The material quantities of dye
The material quantities of cinder
The material quantities of cement
The direct labor cost of available normal hours
Special ordered sets of type 1 (SOS1) of 0/1 variables, where only one variable will be 1
The wage rate of the total direct labor hours in overtime work situations
The overtime working hours (extend working hours to 2 hours per worker)
The limit of the normal direct labor hour
Special ordered sets of type 1 (SOS1) of 0/1 variables, where only one variable will be 1
The carbon tax rate of available normal CO2 emission quantities
The carbon tax rate that produces excessive CO2 emission quantities
The total CO2 emission quantities in normal production
The total CO2 emission quantities that produces excessive CO2 emission quantities
No charge for CO2 emission quantities
Green energy recycling saving quantities of heat and water
Fixed cost

3.4. Unit-Level Direct Labor Cost Function
Assume that overtime work can expand the direct labor resources, and labor is used for handling
the material and products. The total cost function of direct labor is the piecewise linear function,
as shown in Figure 2. The available normal direct labor hours are G0 and the direct labor hours can
be expanded to G1 with the total direct labor cost respectively being L0 and L0 +m1 G1 at G0 and G1 .
As well as the handling and setup, direct labor is also needed to transfer the products to the next
plant. The setup of direct labor hours incudes the time required to replace material or reset programs
during each batch start in the dyeing process, like the setup of dyestuff. The total direct labor cost is
L0 +η1 rot (Q1 −G0 ) in Equation (1), and the associated constraints are shown in Equations (2)–(5):
l1 M + l2 X12 +l3 X22 +μ01 B01 +μ12 B12 +μ10 B10 +μ23 B23 +μ20 B20 +μ30 B30 + ω BS = Q0 +Q1

(2)

0 ≤ Q0 ≤ η 0 G 0 ,

(3)
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η1 G0 < Q1 ≤ η1 G1 ,

(4)

η0 +η1 = 1,

(5)

where:
l1
l2
l3
μs,e
Bs,e
ω
BS
Q0
Q1
G0
G1
η0 , η 1

The direct labor hours required by M
The direct labor hours required by X12
The direct labor hours required by X22
The direct labor hours of the handling of each batch-level activity from start to ﬁnish
The product of shipping from start to ﬁnish in terms of quantities needed at each batch-level
Each batch of direct labor hours of setup
The setup product in terms of quantities of each batch-level
The total direct labor hours in the normal working hour
The overtime working hours (extend working hours to 2 h per worker)
The limit of the normal direct labor hour
The limit of the overtime work direct labor hour
Special ordered sets of type 1 (SOS1) of 0/1 variables.

Cost
L0+rotG1

L0ġ

G0ġ

G1ġ

Quantity

Figure 2. Direct labor cost function.

3.5. Batch-Level Activity Cost Function for Material Handling and Setup Activities
Batch-level activity in the production includes material and products handling from the start to
ﬁnish; when the goods are ﬁnished, they will be shipped back to the plant awaiting sale. The other
activity is the material dyestuff setup:
M ≤ σ01 B01 ,
(6)
X12 ≤ σ12 B12 ,

(7)

X11 + (1 − e1 )M ≤ σ10 B10 ,

(8)

X22 ≤ σ23 B23 ,

(9)

X21 + (1 − e2 )X12 ≤ σ20 B20 ,

(10)

X22 +e3 X22 ≤ σ30 B30 ,

(11)

X22 ≤ λ BS,

(12)

where
σs,e
λ

The quantity of handling of each batch-level activity from start to ﬁnish
The quantity of setup of batch-level activity

309

Energies 2018, 11, 2072

3.6. Carbon Tax Function
Global warming is an important issue. Reducing the greenhouse effect is a primary concern,
and one of the main factors affecting the greenhouse effect is that of carbon dioxide emissions [1,59–61].
The textile industry is the one of the major industries guilty of excessive CO2 emissions in global
manufacturing, especially in the dyeing and ﬁnishing process [62–64]. Assume that CO2 emissions are
taxed at different rates as a piecewise variable cost as shown in Figure 3. When CO2 emissions are
well controlled according to particular criteria, there is free carbon tax in TC0 . The standard of the CO2
emissions is TC1 , and the tax will be higher than the standard when CO2 emissions exceed GC1 and
become TC2 . The total carbon tax cost is δ1 rc1 (TC1 −GC0 )+δ2 rc2 (TC2 −GC0 ) as shown in Equation (1),
and the associated constraints are Equations (13)–(17):
qc X22 = TC0 +TC1 +TC2 ,

(13)

0 ≤ TC0 ≤ δ0 GC0 ,

(14)

δ1 GC0 < TC1 ≤ δ1 GC1 ,

(15)

δ2 GC2 < TC2 ,

(16)

δ0 +δ1 +δ2 = 1,

(17)

where:
qc
TC0
TC1
TC2
GC0
GC1
GC2
δ0 , δ1 , δ2

The total CO2 emission quantities in the dyeing and ﬁnishing process
The total CO2 emission quantities where there is no charge in standard range
The total CO2 emission quantities in normal production
The total CO2 emission quantities that produces excessive CO2 emission quantities
No charge for CO2 emission quantities
Carbon tax cost of normal capacity
Carbon tax cost for over emission capacity
Special ordered sets of type 1 (SOS1). The summation of 0/1 variables is 1

Costs

Rc1GC1ġ

0

GC1ġ

GC0ġ

Quantity

Figure 3. Direct Carbon tax function.

3.7. Energy Recycling
The textile industry, during the dyeing and finishing processes, needs to generate a lot of heat.
It generally uses heat from burning coal, steam boilers, and medium heat boilers and heating furnaces.
The use of its high temperature and air heat transfer can enhance the combustion air temperature,
and reduce the exhaust temperature to achieve waste heat recovery purposes [65,66]. However, the
textile industry is also a heavy consumer of water [42]. It is therefore evident that water recycling and
reuse is also an important wastewater treatment issue [67]. Heat and water are used mainly in the
dyeing and finishing process [68]; thus, energy recycling of heat and water will vary with the production
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quantity of the finished fabric. The energy recycling cost saving for heat and water are C5 REh and C6 REw ,
respectively, in Equation (1), and the associated constraints are Equations (18) and (19):
REh = ρ1 ×X22

(18)

REw = ρ2 ×X22

(19)

where:
ρ1
ρ2

The relation coefﬁcient between energy recycling of heat and X22
The relation coefﬁcient between energy recycling of water and X22

3.8. Input-Output Relationship
The amount of material input and product output differs because the material suffers loss in the
production process, such as in the weaving process. Fabric is made of yarn, and some scrap from the
fabric articles will remain that is the input-output coefﬁcient. X12 is the quantity of yarn, e2 X12 is the
quantity of fabric and (1 − e 2 )X12 is the quantity of scrap fabric, as below:
X1 −e1 M = 0,

(20)

X1 = X11 +X12 ,

(21)

X2 −e2 X12 = 0,

(22)

X2 = X21 +X22 ,

(23)

M = e1 M + (1 − e1 )M,

(24)

X12 = e2 X12 +(1 − e 2 )X12 = 0,

(25)

BP1 = (1 − e1 )M,

(26)

BP2 = (1 − e 2 )X12 ,

(27)

BP3 = e3 ×X22 ,

(28)

m22d = ϑ1 ×X22 ,

(29)

m22c = ϑ2 ×X22 ,

(30)

mcin = ϑ3 ×m22c ,

(31)

mcem = ϑ4 ×mcin ,

(32)

where
BPi
ϑ1
ϑ2
ϑ3
ϑ4

The quantities of i byproduct
The relation coefﬁcient between m22d and X22
The relation coefﬁcient between m22c and X22
The relation coefﬁcient between mcin and X22
The relation coefﬁcient between mcem and X22

Textile manufacturing process with the symbols of quantity variables mentioned in
Equations (20)–(32) is shown as Figure 4.
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Polyester Yarn (Mሻ

Scrap yarn
(BP1 =ሺ1-e1 ሻM)

False Twisting

Draw Textured Yarn
(X1 ൌ e1 Mሻ

Saleġ

X11

X12
Weaving

Scrap Fabric
(BP2 )= (1-e2 )X12

Greige Fabric
(X2 ൌ e2 X12 ሻ

(Ԃ1 ሻ
Dyestuff
(m22d ሻ

Saleġ

X21

X22
Dyeing and Finishing

(Ԃ3 ሻġ

(Ԃ4 ሻ

Cinder
(mcin ሻ

Cement
(mcem ሻ

Coal
(m22 ሻ
(Ԃ2 ሻ
Finished Fabric (X22 ሻ

Eco-Brick
(BP3 =e3 ×X22 )

Figure 4. Textile manufacturing process with the symbols of quantity variables.

3.9. Other Sale and Production Constraints
There are three kinds of machines to generate products. A twisting machine is used to false
twist the yarn, a loom is used to weave the fabric, and a dyeing and ﬁnishing machine is used to
dye the fabric and give the fabric other special qualities. Those are limiting machines in so far as
their efﬁciency is limited by the material, operator, and machine maintenance time [69]. Therefore,
producing a product requires limited machine hours, including twisting machine hours (h1 ), weaving
machine hours (h2 ) and dyeing and ﬁnishing machine hours (h22 ), as expressed in the following
Equations (23)–(25):
Machine hour constraints:
(33)
h1 M ≤ H1 ,
h2 X12 ≤ H2 ,

(34)

h22 X22 ≤ H22 ,

(35)
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where:
h1
h2
h22
H1
H2
H22

the resources of machine hours of false twisting
the resources of machine hours of weaving
the resources of machine hours of dyeing and ﬁnishing
The limited machine hours of false twisting
The limited machine hours of weaving
The limited machine hours of dyeing and ﬁnishing

4. Illustrative Case
4.1. Illustrative Data and Optimal Decision Analysis
The model assumes that the textile factory is a vertically integrated plant that uses one material to
produce three different products, which are similar to the joint-product model. After the production of
false twist yarns with a raw yarn, part of the drawn textured yarn is sold while the rest continues to be
processed into greige fabric. Part of the embryo fabric is sold, the rest undergoes dyeing and ﬁnishing
procedures, and ﬁnally a high price ﬁnished fabric is produced. The associated costs in this model
include: (1) Unit-level activity: material costs and director labor cost, (2) Batch-level activity: material
and product handling and setup of the dyeing process, (3) environment-level activity: carbon tax and
energy recycling cost, (4) Fixed cost: To more effectively trace and identify cost in the production,
our model considers related production costs which include depreciation, land, plant and equipment
as ﬁxed cost to accurately evaluate production. This model can also be used to help corporations ﬁnd
the optimal solution to effectively decrease production cost by means of an optimal product portfolio
and resource allocation.
The production data for production planning model for the production process of Figure 1 are
presented in Tables 1 and 2. In this model, assume that there are three products and three by-products
that can be sold: draw textured yarn (X11 ), greige fabric (X21 ), ﬁnished fabric (X22 ), scrap yarn (β1 ),
scrap fabric (β2 ) and eco-brick (β3 ). The unit prices of products are 97,000, 135,000, 202,500, 570,
2100 and 2300 NTD, respectively, per ton. The main purpose of this model is to accurately estimate
production to ascertain cost objectives and operation of production to help corporations control related
costs and increase proﬁt.

313

L0 = 47,840,000
G0 = 368,000
wr0 = $130/h

Activity driver
Machine hrs.
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σse , μse

λ, ω

Handling

Set-up

Batch-Level Activity

Direct Labor constraint
Cost
Labor hours
Wage Rate

Machine hours constraint
Machine 1
Machine 2
Machine 3

Direct material cost

Price of per selling unit
Production coefﬁcient

Activity Resources

3

li

Starting Location (s)
0
1
1
2
2
2

$65,000

Process 2

2

4

$135,000
0.95

1
2
0
3
0
3

End Location (e)
5, 2
1, 1
0.5, 1

Draw Textured Yarn

5
1
7
qc
PC1 = 170,000,000
GC1 = 170,000
Tr1 = $1,000/ton

$7,000
$1,800

1, 1
2, 1

120,000
100,000
130,000

Capacity

3, 2
3, 2

Finished Fabric

PC2 = 270,000,000
GC2 = 180,000
Tr2 = $1,500/ton

$1,500

$2,300
0.14

Eco-Brick

Process 3
Finished
Fabric
$202,500

Greige Fabric

0.05

$2,100

Scrap Fabric

PC0 = 0
GC0 = 50,000
Tr0 = $0/ton

Greige Fabric

Carbon tax constraint
Cost
Emission Quantities
Tax Rate

0.04

Scrap
yarn
$570

Table 2. Example data for batch-level activities.

L1 = 101,660,000
G1 = 598,000
wr1 = 170/h

3

hi

ei
(1 − ei )
M, m22d
m22c , mcem

$97,000
0.96

Draw Textured Yarn

Process 1

Table 1. Example data.
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4.2. Optimal Solution Analysis
The green production planning model for the example data is shown in Table 3, which is a mixed
integer programming (MIP) model, and the optimal solution is shown in Table 4, which is obtained by
using Lingo 16.0.
In Table 4, the optimal solution in the model indicates the optimal product portfolio where
the proﬁt is 3,361,133,000 NTD from three products and three by-products. The total revenue is
(4,371,466,156 NTD) which is comprised of three products: Draw Textured Yarn (1,327,368,370 NTD),
Greige Fabric (69,285,713 NTD) and Finished Fabric (2,355,713,870 NTD). Product quantities are
(13,684.21/ton, 714.29/ton, 24,285.71/ton) m22d (15,785.71), m22c (2428.57), and M (41,666.67). Besides,
the by-product revenue of eco-brick is (3,833,334 NTD) (β3 e3 X22 ) and the energy recycling cost saving
for heat and water is (1,384,286 NTD) (C5 REh ) and (2,477,143 NTD) (C6 REw ), respectively.
Three kinds of machine hours relate to false twisting (120,000), weaving (100,000), and dyeing
and ﬁnishing (121,428.55). Carbon tax costs are (120,000,000 NTD), and CO2 emission quantities are
(1200/ton). Therefore, the mathematical programming in this model combining ABC and TOC, as well
as the constraint of carbon emissions, can reduce production costs and enhance proﬁt through the
efﬁcient distribution of resources.
4.3. Sensitivity Analysis of the Quantity Discount of Direct Material
Considering the quantity discount of direct material, this paper divided the material purchase
discount pricing into high, medium and low degree levels [70,71]. This study used three segments of
piecewise linear function, as shown in Figure 5. In Equations (35)–(40), this paper replaces the former
material cost (C1 M) to become three segments of piecewise discount (R1 ·MT1 +R2 ·MT2 +R3 ·MT3 ).
For example, when the amount of material is more than MQ1 , the material cost would become R1 and
the total material cost would be (R2 MT2 ).
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Subject to Carbon Tax Function:
7 × X22 ≤ TC0 + TC1 + TC2
TC0 ≤ δ0 × 50,000
50,000 × δ1 < TC1
TC1 ≤ δ1 × 170,000
δ2 × 170,000 < TC2
TC2 ≤ δ2 × 0.1E + 10
δ0 + δ1 + δ2 = 1

Subject to Input-Output Relationship:
X1 − 0.96 × M = 0
X1 = X11 + X12
X2 − 0.95 × X12 = 0
X2 = X21 + X22
BP1 = 0.04 × M
BP2 = 0.05 × X12
BP3 = 0.14 × X22
m22d = 0.65 × X22
m22c = 0.1 × X22
mcin = 0.2 × m22c
mcem = 6 × mcin
REh = 0.95 × X22
REw = 0.85 × X22
Subject to Batch-Level:
M ≤ 5 × B01
X12 ≤ 1 × B12
X11 + 0.04 × M ≤ 0.5 × B10
X22 ≤ 1 × B23
X21 + 0.05 × X12 ≤ 2 × B20
X22 + 0.14 × X22 ≤ 3 × B30
X22 ≤ 3 × BS

Subject to Machine Hour:
3 × X1 − 120,000 ≤ 0
4 × X2 − 100,000 ≤ 0
5 × X22 − 130,000 ≤ 0

Subject to Direct Labor:
3 × X1 + 2 × X2 + 1 × X22 + 2 × B01 + 1 × B12 + 1 × B10 + 1 × B23 + 1 × B20 + 2 ×
B30 + 2 × BS − Q0 − Q1 ≤ 0
Q0 ≤ η0 × 368,000
η1 × 368,000 < Q1
Q1 ≤ η1 × 598,000
η0 + η 1 = 1

Max π = (97,000 × X11 + 135,000 × X21 + 202,500 × X22 + 570 × 0.04 × M + 2100 × 0.05 × X12 + 2300 × 0.14 × X22 ) − (65,000 × M + 7000 × m22d + 1800 × m22c + 1500 ×
mcem ) − [47,840,000 + (170 × Q1 − 62,560,000 × η1 )] − (1000 × TC1 − 50,000,000 × δ1 + 1500 × TC2 − 75,000,000 × δ2 ) + (60 × REh + 120 × REw ) − 500,000

Table 3. Green production planning model for the example data.
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Table 4. The optimal solution in mixed integer programming model (MIP).
π = 3,361,133,000
X2 = 25,000
BP2 = 1315.789
m22c = 2428.571
Q1 = 327,455.7
TC1 = 170,000
δ2 = 0
B12 = 26,316
B30 = 9229

X1 = 40,000
X21 = 714.2857
BP3 = 2695.714
mcin = 485.7143
η0 = 0.746149
TC2 = 0
REh = 23,071.43
B10 = 30,702
BS = 8334

X11 = 13,684.21
X22 = 24,285.71
M = 41,666.67
mcem = 2914.286
η1 = 0.9253851
δ0 = 0
REw = 20,642.86
B23 = 24,286

X12 = 26,315.79
BP1 = 1666.667
m22d = 15,785.71
Q0 = 0
TC0 = 0
δ1 = 1
B01 = 8334
B20 = 13,158

Our corporation in this model obtains the highest discount pricing. It indicates that the material
cost would be from R2 to R3 ; the quantities that a plant buys and the total cost of materials are shown
as (MT3 R3 ):
π = P1 X11 +P2 X21 +P3 X22 +β1 (1 − e1 )M + β2 (1 − e2 )X12 +β3 ·e3 X22
−[(R 1 ·MT1 +R2 ·MT2 +R3 ·MT3 ) + C2 m22d +C3 m22c +C4 m22m ]
−[L0 +η1 rot (Q1 −G0 )] − [δ1 rc1 (TC1 −GC0 )+δ2 rc2 (TC2 −GC0 )]+C5 Re − F,

(36)

M = MT1 +MT2 +MT3 ,

(37)

0 ≤ MT1 ≤ ϕ1 MQ1 ,

(38)

ϕ2 MQ1 < MT2 ≤ ϕ2 MQ2 ,

(39)

ϕ3 MQ2 < MT3 ,

(40)

ϕ 1 + ϕ2 + ϕ3 = 1

(41)

where:
MT1
MT2
MT3
MQ1
MQ2
ϕ1 , ϕ2 , ϕ3

The original price of the amount of material
The amount of material in the ﬁrst gradation of the price discount
The amount of material in the second gradation of the price discount
The original price of the maximum amount of material
The maximum amount of material in the ﬁrst gradation of the price discount
Special ordered sets of type 1 (SOS1). The summation of 0/1 variables is 1.

Costs
R2MQ2ġ
R1MQ1ġ

0

MQ1

MQ2

Quantity

Figure 5. Direct material cost function.

Moreover, this research proposes a sensitivity analysis to measure the cost of materials in the
discount pricing function to increase our understanding of material price in terms of how they affect a
company’s cost and revenue [72]. Sensitivity analysis in this model uses material discount cost and
normal material cost to test three kinds of material cost. The interval of cost variation ratio (%) is 5%,
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from −20% to 20%. The results of the sensitivity analysis of the direct material discount are shown
in Table 5.
Table 5. Sensitivity analysis on the material cost.

Cost Variation
Ratio (%)
20%
15%
10%
5%
0%
−5%
−10%
−15%
−20%

Normal

Price Discount

Proﬁt
(Thousands)

Proﬁt Variation
Ratio (%)

Proﬁt
(Thousands)

Proﬁt Variation
Ratio (%)

2,819,466
2,954,883
3,090,299
3,225,716
3,361,133
3,496,549
3,631,966
3,767,383
3,902,799

−16.12%
−12.09%
−8.06%
−4.03%
0.00%
4.03%
8.06%
12.09%
16.12%

3,144,466
3,266,341
3,388,216
3,510,091
3,631,966
3,753,841
3,875,716
3,997,591
4,119,466

−13.42%
−10.07%
−6.71%
−3.36%
0.00%
3.36%
6.71%
10.07%
13.42%

This research adjusted material cost (M) in the sensitivity analysis to estimate the impact on
normal material cost with and without discount pricing. The price is altered by 5% from (−20%–20%).
If (M)’s cost is raised 5%, the proﬁt will be from (3,361,133 NTD to 3,225,716 NTD), and if the
cost that includes discount pricing is changed, that proﬁt would decrease from (3,361,133 NTD)
to (3,510,091 NTD). When the cost is decreased by 10%, the proﬁt is (3,496,549 NTD) without discount
pricing, and including the discount, it is (3,753,841 NTD).
Even if the change is from 0% to 20% the other products would not change and earnings would
be (158,103,200 NTD). However, when price of X1 is decreased by 12% to (1251), the quantities of X22
would become zero; when X2 is raised to (75399) except for continuing decreased volume of X1 (99,902)
but changed rate to −16%, it is not too different from the original price for the product mix. On the
other hand, if a corporation needs to increase proﬁt, it only needs to increase the price of X1 because
the increased price would not reduce the quantities of products. However, when prices are down,
this not only cuts down the quantities of all of products, but also reduces a ﬁrm’s proﬁt.
Therefore, the changed cost of material in the textile industry would not result in a signiﬁcant
change to a corporation’s proﬁt even if costs decrease by 20%; however, the proﬁt only increased
by $3,902,799. When the proﬁt variation ratio (%) changed to 16.12%, this means that when the
material cost changes, the corporation’s proﬁt would not increase or decrease signiﬁcantly; even when
considering discount pricing, the result is the same as the normal material cost.
5. Manufacturing Execution System for Production Control under Industry 4.0 in the
Textile Industry
In the past, traditional manufacturing produced few types and huge amounts of products, but the
Internet has currently changed the situation. Enterprises need to achieve rapid, small quantity and
customization production. If an enterprise continues to transport and cooperate production data still
in accordance with manual adjustment, then it simply cannot adapt to the demands of the current
market [58].
Under Industry 4.0, the Manufacturing Execution System (MES) provides an important bridge
between Shop Floor Control System (SFCS) and Enterprise Resource Planning (ERP) [55,57,73].
Compared to the old-fashioned MES, it is not only just scheduling, managing materials and contorting
products to increase product yield and quality, but MES can collect data for cloud application and use
data to control production process. There is also a need to embrace Corporate Social Responsibility
(CSR) to effectively control carbon emissions, room temperature and sewage concentration [74].
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5.1. Status Monitoring and Predictive Maintenance
MES can monitor the status of a plant and use the collected data for useful information about
status monitoring and predictive maintenance. For successful status monitoring, MES need to meet the
following conditions: ﬁrst, a factory must be digitized and synchronized with networks to respond to
actual situation changes in real time [75]. Second, three levels of enterprise management, production
management and production must be vertically integrated via automation. Machine and plant
control systems (PCS) shift data to react quickly to automation, and vertical integration can ensure
that the information to other levels is accurate in the correct real time [76,77]. Third, the ability to
exchange consistent data with other applications in production management level is an important
attribute of the MES system; this is called horizontal integration. Fourth, the existing MES data
are evaluated synthetically by data mining, and identify the quality data and process parameters’
they are then adjusted according to a self-optimizing system [48,55]. Fifth, it identiﬁes multiple
correlation data, as well as combines the information from MES and plant data to provide meaningful
intelligence. Finally, factory machines need preventive maintenance through the data collection and
analyzing parameters, in addition to regular maintenance. It is prudent to be warned before a machine
malfunctions, thus decreasing the occurrence of unforeseen downtimes [48,78].
5.2. Work-in-Process Tracking
In Industry 4.0, MES can effectively track WIP and reduce losses that WIP causes through the
abovementioned features. Work in process tracking is a signiﬁcant application that aims to control
work order, batch and unit production [55,79,80]. Moreover, WIP tracking can efﬁciently support
plants to reduce costly problems such as cancelled orders, assembly errors, line of products downtime,
and product recalls. Thus, efﬁcient WIP tracking can offer traceability in all activities, and can
effectively increase manufacturing effectiveness. To enable corporations to collect critical data and
accurately track progress, the fundamental in WIP tracking is to build on barcode labeling that can
accurately identify each item, and to put in place scanning technologies that can scan items as they go
through the manufacturing, assembling, maintenance or testing processes [81,82]. These technologies
enable the collection of critical data and accurately track progress for full traceability. That is to
say, a corporation can more timely track orders to produce related-products through WIP tracking.
Moreover, it can reduce the overall cost of production by reducing aspects of inventory. Thus,
by effectively controlling cost and reducing WIP, a company can achieve zero inventory that reduces
inventory costs, increases turnover and enhances proﬁt to achieve proﬁt maximization [83–85].
5.3. Quality Control
Recently, mass production of customized products in the textile industry has become increasingly
important, but pressure is put on quality by the delivery times demanded by customers. In order to
control quality, a plant needs to automatically collect data and history information through sensors
and IoT technology, and then analyze and optimize process parameters to adjust them with the actual
situation, thereby controlling and improving product quality [86,87]. Therefore, the key to Industry
4.0 is real-time communication and machine to machine connection between all systems [88,89].
Machines and equipment exchange data by communicating with each other, and a “smart” plant can
record, analyze and make adjustments on its own to enhance the manufacturing process. Due to the
need to integrate complex information in real time, achieving stand-alone systems and transparency
are the problems on the shop ﬂoor that human-machine interaction need to solve [3,38].
6. Discussion
Some issues related to the textile industry and the case company are discussed in this section.
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6.1. Energy Saving Method for the Case Company
Equations (18) and (19) are the equations for the energy recycling of heat and water in dyeing
factory, respectively. Figure 6 is the heat recovery and recycling system used for the desizing activity
in dyeing factory of the case factory. Desizing is the activity of removing the size material from the
warp yarns after the textile fabric is woven.
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Figure 6. Heat recovery & recycling system in dyeing factory.

Traditionally, the fresh water is heated to 90 ◦ C and put into the desizing machine and the hot
wastewater created from the desizing machine is discharged into the wastewater treatment zone.
The case company designed a heat recovery and recycling system. The fresh water is only heated to
33 ◦ C and put into the system. On the other hand, the 85 ◦ C water created from the desizing machine
is put into the system. These two sources of water are blended in the system. After the processing of
the system, 85% of the water with 80 ◦ C returns to the desizing machine and 15% of the wastewater
ﬂows into the wastewater treatment zone for further processing. This method will save the energy and
water costs and the total cost saving amount is (C 5 REh +C6 REw ) in Equation (1). Figure 7 shows the
waste-heat recycling system adopted in the case company.

Source: Everest Textile Company
Figure 7. Waste-heat Recycling System.
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6.2. From Waste Cinder to Eco-Brick
In addition to the recycling and reuse of wastewater and waste-heat, the case company also reuse
the waste cinder produced from coal combustion in coal boiler. There are 10 tons of cinders generated
from coal boiler. The cinders are non-toxic, harmless and suitable to be reused and processed into
eco-bricks by using a special and precise high pressure forming process. The water permeable turf
eco-bricks can be sold in the market or be used to replace the asphalt surface inside the factory as
shown in Figure 8. The quantity of eco-bricks in the model is shown in Equation (28), i.e., BP3 = e3 ×X22 ,
and the revenue of the by-product eco-bricks is β3 e3 X22 in Equation (1).

Source: Everest Textile Company
Figure 8. Eco-brick made from waste cinder and used in the factory.

6.3. Labor Skills and Job Losses Due to the Introduction of Industry 4.0
Some researchers claim that there are four important kinds of skills required for Industry
4.0: (1) Knowledge about Information and Communication Technology such as robots, machine
to machine communication, IT security, data protection, and so on; (2) Ability to work with data
such as basic statistical knowledge, visual data output and analysis, and so on; (3) Technical
know-how about new manufacturing processes and machine maintenance related maintenance related
activities; and (4) Person skills such as adaptability and ability to change, working in team, social and
communication skills, mindset change for lifelong learning, and so on [89,90].
After introducing Industry 4.0, companies need to face the challenges to ﬁnd the labor with
the skills mentioned above. Besides, the companies may also want to retrain their existing labor
by up-skilling the workforce having the retaining jobs equipped with the new technologies or by
re-skilling the workforce having the ceasing jobs to new jobs created by Industry 4.0. On the other
hand, the employees need to change their mindset for continuously learning new technologies to
transit to advanced manufacturing processes [89,91].
The Fourth Industrial Revolution is the annual meeting focus at the World Economic Forum (WEF)
held in Davos, Swiss in January, 2016 [92]. The WEF reported that “It sees as many as 7.1 million jobs
being lost, mostly in white-collar ofﬁce and administrative roles, with the creation of 2.1 million new
jobs in ﬁelds such as computer engineering and mathematics. It leads to a net loss of over 5 million jobs
in 15 major developed and emerging economies” [92,93]. After introducing Industry 4.0, the manual
labor was replaced by high-performance machines with Programmable logic controller or robotics
with the accuracy of 99.9966% [94,95]. Only non-routine manual labor jobs are broadly unaffected [94].
7. Conclusions
This research combined Industry 4.0, Activity-Based Costing (ABC) and the Theory of Constraints
(TOC) to achieve proﬁt maximization, and proposes a green production planning model to deal with
environmental issues [28,96–99]. The textile industry is one of the world’s major sources of industrial
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pollution; therefore, environmental issues are a major concern. This paper considered carbon emissions,
energy recycle and waste reuse. It is found that an Industry 4.0 automated monitoring system will
properly maintain and manage all production processes and immediately monitor and record all
production process data. In the manufacturing process, it is necessary to effectively control carbon
emissions. The carbon taxes must be considered to prompt enterprises to control carbon emissions,
and there must be an exploration of the use of renewable energy. This paper also focuses on the
recycling of water and heat energy. Energy can be recycled and reused after being processed, not only
for a green energy effect, but also to save more costs due to energy saving. Finally, this paper also the
reuse of waste cinder. Coal is burned and produces waste cinder in a coal boiler. Cinder is usually
regarded as waste. Its transportation cost is very high and burying cinder is very polluting to the
environment. Therefore, mixing cinder with cement to form the solid and highly breathable eco-bricks,
is not only environmental protective, but can also avoid the high cost of shipping, and so add to
green manufacturing.
This research used mathematical programming approach to formulate the decision model with
ABC cost data and TOC constraints for the textile companies. This research also clariﬁed the
relation between mathematical programming models and Industry 4.0 techniques. Managers in the
textile companies can applied this decision model to achieve the optimal product-mix under various
constraints and to evaluate the effect on proﬁt of carbon emissions, energy recycling, waste reuse, and
material quantity discount.
For the future works, the green production planning model proposed in this paper can be extended
to incorporate the cap-and-trade feature [100] the companies can buy carbon emission right if they
use up the carbon emission quota, otherwise they also can sell the surplus carbon emission right in
the market. Also, this model can be extended to consider different carbon tax cost functions and their
effects on proﬁt.
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Oǧulata, R.T. Utilization of waste-heat recovery in textile drying. Appl. Energy 2004, 79, 41–49. [CrossRef]
Lopez, A.; Ricco, G.; Ciannarella, R.; Rozzi, A.; Di Pinto, A.; Passino, R. Textile wastewater reuse: Ozonation
of membrane concentrated secondary efﬂuent. Water Sci. Technol. 1999, 40, 99–105. [CrossRef]
Chequer, F.M.D.; de Oliveira, G.A.R.; Ferraz, E.R.A.; Cardoso, J.C.; Zanoni, M.V.B.; de Oliveira, D.P. Textile
dyes: Dyeing process and environmental impact. In Eco-Friendly Textile Dyeing and Finishing; InTech: London,
UK, 2013.
Li, K.; Zhang, X.; Leung, J.Y.-T.; Yang, S.-L. Parallel machine scheduling problems in green manufacturing
industry. J. Manuf. Syst. 2016, 38, 98–106. [CrossRef]
Monahan, J.P. A quantity discount pricing model to increase vendor proﬁts. Manag. Sci. 1984, 30, 720–726.
[CrossRef]
Kee, R. The sufﬁciency of product and variable costs for production-related decisions when economies of
scope are present. Int. J. Prod. Econ. 2008, 114, 682–696. [CrossRef]
Sinha, A.; Rämö, J.; Malo, P.; Kallio, M.; Tahvonen, O. Optimal management of naturally regenerating
uneven-aged forests. Eur. J. Oper. Res. 2017, 256, 886–900. [CrossRef]
Koh, S.; Saad, S. A holistic approach to diagnose uncertainty in ERP-controlled manufacturing shop ﬂoor.
Prod. Plan. Control. 2003, 14, 273–289. [CrossRef]
Lin, G.Y.; Solberg, J.J. Integrated shop ﬂoor control using autonomous agents. IIE Trans. 1992, 24, 57–71.
[CrossRef]
Park, H.-S.; Tran, N.-H. An autonomous manufacturing system for adapting to disturbances. Int. J. Adv.
Manuf. Technol. 2011, 56, 1159–1165. [CrossRef]
Zhong, R.Y.; Dai, Q.; Qu, T.; Hu, G.; Huang, G.Q. RFID-Enabled real-time manufacturing execution system
for mass-customization production. Robot. Comput. Integr. Manuf. 2013, 29, 283–292. [CrossRef]
Hua, J.; Liang, T.; Lei, Z. Study and design real-time manufacturing execution system based on RFID. In
Proceedings of the 2008 Second International Symposium on Intelligent Information Technology Application,
Shanghai, China, 20–22 December 2008; pp. 591–594.
Almada-Lobo, F. The Industry 4.0 revolution and the future of manufacturing execution systems (MES).
J. Innov. Manag. 2016, 3, 16–21.
Wang, W.Y.; Chan, H.K. Virtual organization for supply chain integration: Two cases in the textile and
fashion retailing industry. Int. J. Prod. Econ. 2010, 127, 333–342. [CrossRef]
Kuhn, W. Digital factory-simulation enhancing the product and production engineering process.
In Proceedings of the 2006 Winter Simulation Conference, Monterey, CA, USA, 3–6 December 2006;
pp. 1899–1906.
Tajima, M. Strategic value of RFID in supply chain management. J. Purch. Supply Manag. 2007, 13, 261–273.
[CrossRef]
Spekman, R.E.; Kamauff, J.W., Jr.; Myhr, N. An empirical investigation into supply chain management:
A perspective on partnerships. Supply Chain Manag. Int. J. 1998, 3, 53–67. [CrossRef]
Johnson, H.T. Early cost accounting for internal management control: Lyman Mills in the 1850’s. Bus. Hist.
Rev. 1972, 46, 466–474. [CrossRef]
Abernathy, F.H.; Dunlop, J.T.; Hammond, J.H.; Weil, D. Globalization in the apparel and textile industries:
What is new and what is not? In Locating Global Advantage: Industry Dynamics in the International Economy;
Stanford University Press: Stanford, CA, USA, 2004.
325

Energies 2018, 11, 2072

85.

Lummus, R.R.; Vokurka, R.J.; Alber, K.L. Strategic supply chain planning. Prod. Invent. Manag. J. 1998,
39, 49–58.
86. Montgomery, D.C. Introduction to Statistical Quality Control; John Wiley & Sons: Hoboken, NJ, USA, 2007.
87. Stojanovic, R.; Mitropulos, P.; Koulamas, C.; Karayiannis, Y.; Koubias, S.; Papadopoulos, G. Real-Time
vision-based system for textile fabric inspection. Real-Time Imaging 2001, 7, 507–518. [CrossRef]
88. Esmaeilian, B.; Behdad, S.; Wang, B. The evolution and future of manufacturing: A review. J. Manuf. Syst.
2016, 39, 79–100. [CrossRef]
89. Aulbur, W.; Arvind, C.J.; Bigghe, R. Whitepaper: Skill Development for Industry 4.0; BRICS Skill Development
Group: Roland Berger, India, 2016.
90. Gehrke, L.; Kühn, A.; Rule, D.; Moore, P.; Bellmann, C.; Siemes, S.; Dawood, D.; Singh, L.; Kulik, J.;
Standle, M. Industry4.0: A Discussion of Qualiﬁcations and Skills in the Factory of the Future: A German and
American Perspective; The Association of German Engineers (VDI): Düsseldorf, Germany; American Society
of Mechanical Engineers (ASME): Washington, DC, USA, 2015.
91. Hartmann, E.; Bovenschulte, M. Skills Needs Analysis for “Industry 4.0” Based on Roadmaps for Smart
Systems. In SKOLKOVO Moscow School of Management & International Labour Organization: Using Technology
Foresights for Identifying Future Skills Needs; Global Workshop Proceedings, Moscow; Institute for Innovation
and Technology: Berlin, Germany, 2013; pp. 24–36.
92. Lowman, S. WEF 2016: 4th Industrial Revolution. 5 mn Jobs, Women in the Firing Line. BIZNEWS. 18 January
2016. Available online: https://www.biznews.com/wef/davos-2016/2016/01/18/wef-2016-4th-industrialrevolution-5mn-jobs-women-in-the-ﬁring-line/ (accessed on 20 July 2018).
93. Team, M. Five Million Jobs by 2020: The Real Challenge of the Fourth Industrial Revolution. World Economic
Forum, 18 January 2016. Available online: https://www.weforum.org/press/2016/01/ﬁve-million-jobs-by2020-the-real-challenge-of-the-fourth-industrial-revolution/ (accessed on 20 July 2018).
94. Flynn, J.; Dance, S.; Schaefer, D. Industry 4.0 and Its Potential Impact on Employment Demographics in
the UK. In Advanced in Manufacturing Technology XXXI, Proceedings of the 15th International Conference on
Manufacturing Research, incorporating the 32nd National Conference on Manufacturing Research, London, UK,
5–7 September 2017; Gao, J., El Souri, M., Keates, S., Eds.; IOS Press: Amsterdam, The Netherlands, 2017.
95. Matovcikova, D. Industry 4.0 as the Culprit of Unemployment. In Proceedings of the 12th International
Workshop on Knowledge Management, Trenčín, Slovakia, 12–13 October 2017.
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Abstract: As enterprises are the major perpetrators of global climate change, concerns about
global warming, climate change, and global greenhouse gas emissions continue to attract attention,
and have become international concerns. The tire industry, which is a high-pollution, high-carbon
emission industry, is facing pressure to reduce its carbon emissions. Thus, carbon prices and carbon
trading have become issues of global importance. In order to solve this environmental problem,
the purpose of this paper is to combine mathematical programming, Theory of Constraints (TOC),
and Activity-Based Costing (ABC) to formulate the green production decision model with carbon
taxes and carbon right costs, in order to achieve the optimal product mix decision under various
constraints. This study proposes three different scenario models with carbon taxes and carbon right
used to evaluate the effect on proﬁt of changes in carbon tax rates.
Keywords: Activity-Based Costing (ABC); carbon emissions; tire industry; carbon trading;
mathematical programming

1. Introduction
The international community has paid considerable attention to environmental protection in recent
years. Carbon taxes are considered as effective tools to curb greenhouse gas emissions. Analysis of the
empirical evidence of carbon tax beneﬁts, including indirect effects on technological developments
and other pollutants (i.e., co-beneﬁts) also added suppliers to improve energy price expectations
in the future, and empirically propose the ﬁrst green research contribution [1] and the United
Nations has successively enacted relevant laws and regulations, such as the international Greenhouse
Gas Emission Act and the 2015 Paris Accord [2], in the hope that the environment we live in will
not continue to deteriorate. Due to high technology and industrial development, anthropocentric
greenhouse gases are continually generated and accumulate, leading to increased global warming,
and deteriorating climate and environmental ecology. In the past decade, it has been well recognized
that environmental and economic performance are mutually reinforcing, with improved environmental
performance leading to lower costs, increased sales, and greater economic efﬁciency. That joint effects
will help companies to obtain temporary ﬁnancing and minimize the damage to the environment
stemming from carbon emissions [3]. Different perspectives and empirical studies [4] suggest that more
attention should be paid to the causal relationship between eco-efﬁciency and different environmental
management approaches, as well as their economic consequences; for example, the implementation of
a carbon tax will help to improve the environment, promoting carbon taxes as a policy to improve the
cost-effectiveness of carbon emissions. However, in the current practice of environmental policy, only a
few countries implement taxation based on carbon content. According to empirical results, the carbon
tax may be an interesting policy choice, and the negative impact can be compensated by designing
taxes and the ﬁscal revenue generated by the use [5]. Various environmental policy tools are used
in critical assessment criteria, including cost-effectiveness, equitable distribution, risk minimization
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of uncertainty and political feasibility. Additional considerations include carbon taxes, tradable
emission allowances, emission reduction subsidies, and research and development subsidies [6].
In the actual situation of the EU, the implementation of the carbon price policy can achieve the
goal of emission reduction, and the carbon trading results also show that carbon emissions can be
controlled through carbon trading [7]. But when the regulatory company gets compensation, efﬁciency
needs to be paid among the companies to balance the damage caused by the marginal probability.
Applying this basic economic logic to the analysis of the compensation rules proposed under the EU
Emissions Trading Scheme, emissions permits can be allocated free of charge to carbon-intensive and
trade-exposed industries [8]. However, various environmental policy instruments, including carbon
emission taxes, tradable emission allowances, emission reduction subsidies, performance standards,
technical tasks, and research and development subsidies, can meet major evaluation criteria, including
cost-effectiveness, fair distribution, and risk minimization of uncertainty, and political feasibility [9].
Investigating carbon prices in China, the results show that it has important policy implications for
regional markets to be included in national carbon trading [10]. The impact of the Emissions Trading
Scheme (ETS) is one of the most effective mitigation measures [11]. The tire industry’s production
process greatly increases atmospheric greenhouse gas concentrations. At present, many countries have
adopted a “carbon tax” levy to solve corporate carbon emission problems with the related costs borne
by enterprises. Sathre and Gustavsson believed that taxation on environmental issues can reduce
pollution [12]. Therefore, the impact of carbon pricing policies on the economy is very signiﬁcant [13].
In Australia, the carbon premium has become higher and higher after the implementation of the carbon
tax, and indicates that a stable long-term policy is needed in the future to enable the carbon pricing
mechanism to play its full role [14]. Therefore, the carbon price and carbon trading policy results
discussed by the aforementioned research institutes have clearly become the most important issues for
governments around the world. In this paper, the carbon taxes and carbon right costs analysis holds
only for direct carbon taxes or for cap-and-trade schemes as well through a market determined price
for carbon emission allowances.
According to the above research, the effective way to reduce emissions is to implement carbon tax
collection and formulate carbon rights trading mechanism. This paper aims to analyze the relevant
analysis of carbon emissions in the tire industry. Then the tire industry can employ the Activity-Based
Costing (ABC) method and perform related cost calculations. The ABC system provides a means
for analyzing non-value-added activity workbooks, such as procedures and production that neglect
resource constraints in activity [15,16]. A better solution to the reduction of environmentally harmful
products is provided by the Theory of Constraint (TOC) [17,18].
The purpose of this paper is to combine mathematical programming, TOC, and ABC to formulate
a green production decision model with carbon taxes and carbon right costs, in order to achieve the
optimal product mix decision under various constraints and to analyze the effect on proﬁt of carbon
taxes. The tire industry is one of the industries with high pollution and high energy consumption,
where its carbon pollution will seriously affect environmental issues [19]. Therefore, further assumes
that three different scenario models with carbon taxes and carbon right for tire companies are used for
scenario analysis. Hoinka and Ziebik [20] applied mathematical methods to analyze complex energy
management systems. In summary this paper will discuss the green ABC production decision-making
model. The contribution of this study is that it incorporates the cost of carbon emissions into the
mathematical programming, enabling the tire industry to evaluate emissions projects. In recent years,
studies on the implementation of carbon trading have provided useful insights and helped to reduce
carbon emissions [21–23].
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2. Research Background
2.1. Carbon Emissions Cost and Carbon Tax
The increasing attention to global warming and climate change has become a common concern
among governments around the world; therefore, it is imperative to adopt effective measures to
promote energy conservation and carbon reduction, and implement corporate carbon emissions
policies. Carbon pricing is a hot topic in climate policy debates. There are still many problems due to
numerous reasons for implementing global carbon prices. Therefore, the main arguments for carbon
pricing are proposed for analysis and discussion. The relatively low environmental cost of carbon
pricing helps to improve the social acceptability of climate policy. This includes correcting the price
of property that stimulates rapid environmental innovation. These arguments are underestimated in
open debates, where pricing strategies are often overlooked and innovation policy misconceptions are
common. However, carbon pricing and technology policies are largely complementary and therefore
necessary for effective climate policy. In addition, other tools are used to complement the carbon
pricing, and suggestions for solving these problems are proposed. Whether through carbon taxes
or carbon emissions trading, reﬂections on the implementation of global carbon prices, including
energy research and innovation research, go beyond the traditional arguments of environmental
economics [24].
Due to the abnormal climate change in the world, the impact of air pollution is becoming more
and more serious, and people’s health is also seriously threatened. Therefore, effective action must
be taken to develop policies to reduce greenhouse gas emissions. People are increasingly concerned
about the market instruments in the form of carbon pricing mechanisms. The study found that carbon
pricing policies include carbon taxes, limits and transactions, emission reduction credits, clean energy
standards and reductions in fossil fuel subsidies. Organize the experience and implementation methods
of developing countries. And put forward the carbon pricing applicability for decision-making
reference [25]. In South America, a carbon pricing strategy is also proposed for climate issues to cope
with environmental pollution problems [26]. Environmental pollution has become a major social and
political challenge around the world [27,28], and some studies have yielded positive results. That the
application of carbon price is a carbon reduction tool [29]. Because companies with high carbon
emissions have higher carbon risks. Recent ex-post evaluations of the European Union (EU) Emissions
Trading Scheme (ETS) on regulated industries in the industrial and power industries have found that
issues such as carbon dioxide emissions, economic performance and competitiveness, and innovation
can all evolve with international developments. Propose more relevant future research directions,
continue to expand on these innovative and internationally important issues [30].
In addition, there is an empirical research on the impact of the EU Emissions Trading Scheme
on German stock returns. It was found that in the ﬁrst few years of the program, companies that
received national free carbon credits performed signiﬁcantly better than companies that did not receive
tax-free carbon credits. This result is very interesting, if there is a large “carbon premium”, the cash
ﬂow from the free allocation of carbon allowances increases. Companies with high carbon emissions,
higher carbon exposures, show higher expected returns [31]. For example, The Netherlands [32],
Denmark, and Sweden have begun implementing carbon tax policies. Carbon and energy taxes will
increase ﬁscal measures to reduce carbon emissions [12,33,34]. The results of these studies show that
the implementation of carbon emission cap-and-trade mechanisms can effectively reduce aviation
industry carbon emissions [35], and the means used to reduce CO2 emissions by this policy have been
theoretically assessed [36]. And considered the use of two different manufacturing technologies for
their carbon emission quota model [37], and the analysis results can reduce the total amount of carbon
emissions and pollution of the environment. In considering a mathematical model for carbon emission
quota, the results show that carbon emission restrictions will always encourage restricted capital goods
manufacturers to produce more remanufactured products to maximize proﬁts and reduce carbon
emissions [38]. In addition, the New Zealand Emissions Trading Scheme (NZ ETS) is unique in that it
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allowed unlimited use of Kyoto grants until 2013. As a result, New Zealand ETS provides an impact
on the pricing and limits of carbon pricing for small systems. Using the quota import and export data,
empirical analysis, the study found that carbon pricing offset is mainly the price determinant [39].
That the inclusion of ﬂexible pricing mechanisms and the differentiation of tax rates can effectively
reduce carbon emissions [29].
Ecological protection has increasingly attracted international attention, and the dramatic increases
in various environmentally harmful substances and energy consumption have led to severe air
pollution. In view of protecting human health and environmental ecology by preventing the
deterioration of air quality, emission reduction policies have become the important issue in the
tire industry; in the complex process of manufacturing tires, the carbon emitted cannot be ignored.
Higher carbon emissions will lead to higher carbon taxes, which will increase the costs of the
tire industry.
The present research, as related to the tire industry, mainly focuses on the analysis of waste tire
recycling [40], low carbon or zero carbon production system innovation to reduce carbon dioxide
emissions [41]. There is no relevant research analyzing carbon emission costs and carbon trading in
combination with mathematical programming models; therefore, the focus of this article is on the costs
and expenses of the tire manufacturing process, while adding carbon emission costs to carry out three
different scenario models analysis with carbon taxes and carbon right for tire companies. Analysis of
the results can be used for decision reference for the tire industry.
2.2. ABC Applied to Green Production and Environmental Protection in the Tire Industry
The ABC method is mainly used for calculating the activity cost of each product, where resources
are allocated to activities or activity centers according to resource drivers. Activity costs are allocated to
products based on activity drivers, and the resources allocated to activities constitute the cost elements
of the activity [42]. This article uses tire companies as the research object. After process differentiation,
the cost of each green process project is estimated in order to analyze the total cost; therefore,
we consider the green tire manufacturing process as a cost target. In the complex tire industrial
process, this article divides cost into direct material cost, direct labor cost, handling cost, carbon tax,
and other costs, and also regards the maintenance costs and depreciations of the machines, plants, etc.
as the total ﬁxed cost. The ABC method is used to conﬁgure the tire industry’s manufacturing process
and allocate resource costs to corresponding process projects, in order to determine the most suitable
green product mix to maximize total proﬁts.
In recent years, due to environmental concerns, new green manufacturing technologies have been
more widely applied and explored to improve operation technology [43]; the issue of global warming
has drawn ever-greater attention. Economists and international organizations demand the introduction
of carbon taxes as a cost-effective way to decrease Greenhouse Gas (GHG) emissions [44]. Moreover,
the carbon duty guidelines can promote the growth and application of renewable power sources [45],
and assist in the growth of the global economy [46]. With the rapid technological progress, the tire
industry has been pushed to recognize the need for environmental protection for the sustainable
development of its enterprises regarding indispensable factors, such as raw materials. Processes and
products must support the care of the environment and cherish the required resources by embracing
the concept of environmental protection, as well as improved product design, equipment, and activities.
The tire production process is complicated, and there is little research that analyzes the process costs
of this industry. In addition, the tire industry must consider the cost of carbon emissions, in order to
accurately predict tire production costs and reduce the impact of environmental pollution. Therefore,
this paper proposes three green decision models, including a model without carbon rights trading and
two models with two kinds of carbon rights trading costs, in order to analyze the carbon emission
costs in the tire industry for managerial decisions.
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2.3. Application of TOC Theory of Constraints
This article applies mathematical programming models and analyzes the most proﬁtable tire
product mix using the ABC approach. In addition, through ﬁxed operating costs and systematic
analysis of overhead costs [41], product mix decisions are evaluated via mathematical programming
and TOC. The ABC method can be customized to analyze different types of board decision
making, including price and product-mix [47–49], design and development [50], environmental
management [51,52], green building project, strategy, and construction method selection [53].
Plenert’s economic planning included TOC [54], which is an integer linear programming method,
to produce a portfolio with diverse restricted capital and employed TOC-based arithmetic to obtain
the best combined product mix resolution [49]. This essay uses the TOC approach to determine
production priorities. This approach can be applied to a variety of study themes [55,56] to derive the
best product mix.
3. Green Production Decision Model for the Tire Industry
3.1. Tire Manufacturing Process
The manufacturing processes of the tire industry are complex and have six main processes:
kneading, pressing out, cutting off, forming, vulcanizing, and inspecting (as shown in Figure 1):
1.
2.
3.
4.
5.

6.

Kneading (j = 1): The ﬁrst process mixes all the rubber materials and soot, and transports them to
the kneader for kneading to change the strength of the rubber.
Pressing out (j = 2): The second process uses glue and friction to generate heat, allowing the rubber
to mature.
Cutting off (j = 3): The third process mainly uses a cutting machine to cut off various tire sizes.
Forming (j = 4): The fourth process is to perform the molding assembly work to assembly all the
materials, strips, and steel rings to complete the tire prototype.
Vulcanizing (j = 5): The ﬁfth process is to perform the vulcanization process. The main purpose of
tire vulcanization is to rearrange the molecules of the rubber, meaning to heat and mold the tires
through steam. The tires that complete this process will become the ﬁnished tires.
Inspecting (j = 6): Finally, the ﬁnished tires are inspected and the tires are moved to the warehouse
for shipment.

Figure 1. Tire manufacturing ﬂow chart.
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3.2. The Model Formulation
From the aforementioned ABC model and the main tire manufacturing process, the corresponding
costs are included in the mathematical model. First, this article assumes that the unit product prices
are constant within a certain relevant range. Second, the green activity for each production process,
as well as its activity driver and related resources, are determined and selected. Third, ﬁve materials
(natural rubber, soot, synthetic rubber, cord, and bead) used in the production process are the direct
material inputs, while other insigniﬁcant materials are not included in this study. Fourth, direct labor
resources can be increased by additional overtime work with higher wage rates. Fifth, assume that
carbon emission costs are considered as variable costs, which depend on carbon emissions quantity and
different tax rates. Organic compounds are chemicals that contain carbon and are found in all living
things. In addition to carbon, carbon contains other elements, such as hydrogen, oxygen, ﬂuorine,
chlorine, bromine, sulfur or nitrogen. Assume that the relationship between carbon tax and carbon
emission quantity has been set up by using the concept of carbon equivalency. Sixth, this research is
limited by the difﬁculty of obtaining relevant information, thus, we only consider the direct materials,
direct labor, disposal costs, and carbon emissions costs, and assume that all other costs are ﬁxed costs.
The data used in this study are in metric tons and U.S. dollars, as shown in Table 1.
Table 1. Data for illustrative example (Company A).
PCR
(i = 1)

Product
fj

Maximum demand: (thousand)

j

Selling price: (USD)
Direct material:
(USD/ton)

Machine hour constraint:
Kneading
Pressing out
Cutting off
Forming
Vulcanizing
Inspecting

k=1
k=2
k=3
k=4
k=5

21
11
6
38
22

Machine hours
Machine hours
Machine hours
Machine hours
Machine hours
Machine hours

1
2
3
4
5
6

Material handling constraint:
G1 = 50
Machine hours (h)
G2 = 150
Cost (USD)
G3 = 10
Direct labor constraint:
Cost:
Labor hours (h)
Wage rate (USD/h)

TLC0 = 7040
LS0 = 1760
r0 = 4

Carbon emission constraint:
Cost (USD)
CT1 = 20,400
CE1 = 2040
Emission quantities
Tax rate (USD/ton)
TR1 = 10
Total ﬁxed cost: (USD)
22,000

7

TLC1 = 11,000
LS1 = 2200
r1 = 9

TLC2 = 15,840
LS2 = 2640
r2 = 11

CT2 = 46,800
CE2 = 2340
TR2 = 20

TR3 = 30

UCE = 4000

TBR
(i = 2)

MC
(i = 3)

Available
Capacity
(thousand)

Bi

1000

100

1500

Ci

310

1010

160

Ei1
Ei2
Ei3
Ei4
Ei5

4
2
5
2
2

6
10
15
6
15

2
1
2
1
1

F1 = 10,600
F2 = 8100
F3 = 8700
F4 = 7100
F5 = 7900

bi1
bi2
bi3
bi4
bi5
bi6

5
2
2
3
2
3

10
4
3
5
3
6

1
1
1
1
1
1

H1 = 13,300
H2 = 22,100
H3 = 22,100
H4 = 26,500
H5 = 13,300
H6 = 6700

bi7

2

3

1

ai7

5

10

1

di

1

1.5

0.5

li

0.2

0.1

0.1

H7 = 1860

[Note] Data in Table 1 are used for Model 1, Model 2, and Model 3.

Since the traditional cost system analyzes the cost, most of it is based on direct raw materials,
direct labor, and indirect manufacturing costs. The ABC cost system allocates resources to the activity
or activity center according to the resource driver, and the activity cost is distributed to the product
according to the activity drivers. Through the implementation of the analysis method, the cost of
each activity can be correctly calculated. In addition, the TOC theory proposes some standardization
methods for deﬁning and eliminating constraints in manufacturing activities. The enterprise is a
system, the goal is to obtain more proﬁts, and all the factors that hinder the achievement of the overall
goal are constraints, in order to measure the realization. The performance and effectiveness of the
target, TOC breaks the traditional concept of accounting costs. In summary, this paper inspires the
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innovative thinking, applies ABC cost system, TOC theory combined with mathematical planning to
establish the model, the objective function and its constraints are described in the sections that follow.
3.2.1. Objective Function
This study establishes the mathematical planning model of the tire industry through the ABC cost
system and the TOC theory. Since it is difﬁcult to obtain real cost and expense data, it can be assumed
that the factors hindering the target are constraints. Therefore, the following is a discussion of the
objective function of the ABC green production model. The objective of the model is to determine the
optimal product mix to achieve maximal proﬁt under the constraints of various resources and carbon
emissions. The following is the objective of the model:
Maximize Z =

(Total revenue) − (Direct material cost) − (Direct labor cost
−(Material handing
emission cost) (Other ﬁxed cost)
+ cost) − (carbon
,
n

s

i=1

k=1

n

= ∑ Ci Bi − ∑

Dk ∑ ( Eik Bi )
i=1

− (TLC0 + e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 ))

(1)

−(G1 β1 + G2 β2 + G3 β3 ) − (TR1 W1 + TR2 W2 + TR3 W3 ) − F

where Bi is the production quantity of product i; Ci is the unit sales price of product i; Dk is the unit
cost of material k; Eik is the requirements of material k for producing a unit of product i; TLC0 is total
direct labor costs at LS0 ; TLC1 is total direct labor costs at LS1 ; TLC2 is total direct labor costs at LS2 ;
(e0 , e1 , e2 ) is a set of non-negative variables of SOS2 (special ordered set of type 2), where at most two
adjacent variables may be non-zero in the order of a given set [57,58]; Gi is the other material handling
cost, with the exception of machine depreciation per batch of material handling for product i; βi is the
number of batches for material handling of product i; CTi is the total carbon emission cost in CEi ; F is
the ﬁxed cost.
n
The proﬁt function of Z in the model is shown in Equation (1). Total revenue is ∑ Ci Bi of
i
=
1
+
,
s
n
Equation (1) in the ﬁrst term. Direct material cost is ∑ Dk ∑ ( Eik Bi ) of Equation (1) in the
k=1

i=1

second term, direct labor cost is (TLC0 + e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 )) of Equation (1) in the
third term, material handing cost is (G1 β1 + G2 β2 + G3 β3 ) of Equation (1) in the fourth term, carbon
emission cost is (TR1 W1 + TR2 W2 + TR3 W3 ) of Equation (1) in the ﬁfth term, and the other ﬁxed cost
is F of Equation (1) in the sixth term. Some other costs are ﬁxed; for example, the depreciations of
property, plants, and equipment are ﬁxed, thus, they will have the associated constraints of capacity.
While ﬁre insurance charges and fundamental utility fees are also ﬁxed, they will not have the
associated constraints of capacity. These ﬁxed costs in total can be expressed as a constant F (USD
$22,000 in this example data).
3.2.2. The Associated Constraints
(1)

Direct material quantity constraints:
n

∑ (Eik Bi ) ≤ Fk k = 1, 2,

..., s

(2)

i=1

where Fk is the quantity of material k available +
for use. Equation
, (2) represents the constraints for
n
s
direct materials and the direct material cost is ∑ Dk ∑ ( Eik Bi ) of Equation (1) in the second term.
i=1

k=1

(2)

Direct labor hour constraints:
TDL = d1 B1 + d2 B2 + d3 B3 ≤ LS0 + e1 (LS1 − LS0 ) + e2 (LS2 − LS0 )

(3)

e0 − m1 ≤ 0

(4)

e1 − m1 − m2 ≤ 0

(5)
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e2 − m2 ≤ 0

(6)

e0 + e 1 + e 2 = 1

(7)

m 1 + m2 = 1

(8)

0 ≤ e0 ≤ 1

(9)

0 ≤ e1 ≤ 1

(10)

0 ≤ e2 ≤ 1

(11)

where di is the requirement of direct labor hours for one unit of product i; Bi is the production quantity
of product i; LS0 is the normal direct labor hours available; LS1 is the maximal working hours at the
ﬁrst overtime rate plus the normal direct labor hours available; LS2 is the maximal working hours
at the ﬁrst and second overtime rate plus the normal direct labor hours available. Equations (3)–(11)
are the constraints associated with direct labor. TDL in Equation (3) is the total direct labor hours.
The direct labor cost is (TLC0 + e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 )) of Equation (1) in the third
term, and the direct labor cost function is shown in Figure 2. (e0 , e1 , e2 ) is a set of non-negative
variables of SOS2 (special ordered set of type 2), where at most two adjacent variables may be non-zero
in the order of a given set [57,58]; (m1 , m2 ) is a set of 0–1 variables of SOS1 (special ordered set of
type 1), where only one must have one variable that will be non-zero [39,40]. If m1 = 1, then m2 =
0 from Equation (8), e2 = 0 from Equation (6), e0 , e1 ≤ 1 from Equations (4) and (5), and e0 + e1 = 1
from Equation (7). Therefore, total direct labor hours and total labor costs are LS0 + e1 (LS1 − LS0 ) and
TLC0 + e1 (TLC1 − TLC0 ), respectively, which means that the company works overtime at the ﬁrst
overtime rate. On the other hand, if m2 = 1, then m1 = 0 from Equation (8), e0 = 0 from Equation (4),
e1 , e2 ≤ 1 from Equations (5) and (6), and e1 + e2 = 1 from Equation (7). Thus, the total direct labor
hours required is LS0 + e1 (LS1 − LS0 )+e2 (LS2 − LS0 ) from Equations (3) and the total labor cost is
TLC0 + e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 ), respectively, which means there will be overtime work
at the second overtime rate. When m1 = 1 and e0 = 1, then m2 = e1 = e2 = 0 from Equations (4)–(9), total
direct labor hours = d1 B1 + d2 B2 + d3 B3 ≤ LS0 , and the total labor cost is TLC0 .


 


 


 








  



Figure 2. Direct labor cost.

(3)

Machine hour constraints:
n

∑ bij Bi ≤ Hj , j = 1, 2, 3, 4, 5, 6

(12)

i=1

where bij is the number of machine hours required to produce one unit of product i in activity j; Bi is
the production quantity of product i; and Hj is the number of machine hours i available for activity
j. Each process requires a different machine for related activities and Equation (12) is the machine
hour constraints.
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(4)

Material handing constraints:

(B i − aij βi ≤ 0, i = 1, 2, . . . , n, j = 7

(13)

n

∑ bij βi ≤ Hj , j = 7

(14)

i=1

where Bi is the production quantity of product i; βi is the number of batches for product i; aij is the
quantity of product i in a batch of material handling activity; bij is the requirement of machine hours for
product i in a batch of material handling activity; Hj (j = 7) is the machine hours available for material
handling. The material handling activity is a batch-level activity. Equation (13) is the constraints
regarding the relationship between the quantity of product i (Bi ) and the number of batches for product
i; Equation (14) is the resource constraint for the machine hours of material handling activity. In the tire
manufacturing process, the relevant materials must be moved from the warehouse to the ﬁrst process,
and then, move the ﬁnished tires from the last process to the warehouse. Total material handling
cost, with the exception of the depreciation of the material handling machine (it is included in F) is,
as follows:
Total material handling cos t = G1 β1 + G2 β2 + G3 β3
This is the fourth term of Equation (1), where Gi is the other material handling cost, with the
exception of machine depreciation per batch of material handling for product i, and βi is the number
of batches for material handling of product i.
(5)

Carbon emissions constraints:
GCE = l1 B1 + l2 B2 + l3 B3 = W1 + W2 + W3

(15)

W1 + W2 + W3 ≤ UCE

(16)

0 ≤ W1

(17)

W1 ≤ CE1 ∗ n1

(18)

CE1 ∗ n2 < W2

(19)

W2 ≤ CE2 ∗ n2

(20)

W3 > CE2 ∗ n3

(21)

n1 + n2 + n3 = 1

(22)

where GCE in the total carbon emission quantity in the tire company; li is the carbon emission quantity
for one unit of product i; Bi is the production quantity of product i; Wi represents the total carbon
emission quantity in the tire company if it falls within the ith range of the total carbon emissions in
Figure 3; UCE is the upper limit of the carbon emissions, as distributed to the tire company by the
government; ni is the indicator variable and ni = 1 means that the total carbon emission quantity of
the tire company falls within the ith range of the total carbon emissions in Figure 3; CE1 and CE2 are
the highest carbon emission quantities for the ﬁrst and second carbon emission ranges of the carbon
emission cost function in Figure 3, respectively.
Levying taxes could increase GDP. Energy taxes will affect the costs of energy-consumption
industries due to rising energy costs [59]. On the other hand, energy taxes can help to reduce the
concentration of air pollutants, thereby, improving air quality. In addition, calculating capital and
operating expenses is based on a simulation of carbon emissions and economic performance under
efﬁciency taxes, as based on the obtained quality and energy balances; the research results of levying
carbon taxes show that all of the assessed environmental impact indicators are performing well [60],
the new green manufacturing technology (GMT) can reduce carbon emissions [61], which uses a
Life Cycle Assessment (LCA) method to measure emissions costs. LCA is a method for assessing

335

Energies 2018, 11, 2121

the environment over the entire life cycle of a product or service. Based on previous research,
we consider all the environmental impacts of carbon emissions in the tire manufacturing process,
and reduce carbon footprint through the development of innovative materials and manufacturing
sustainability. Other studies have reduced the carbon footprint resistance of trucking by developing
innovative low-rolling, reducing truck tires by at least 20% rolling resistance, roughly equivalent to a 5%
reduction in fuel consumption and carbon dioxide emissions. Truck tire wear (10% improvement) and
safety performance are further improved [43]. According to the method of Ward and Chapman [62],
we quantify carbon emissions in Equation (15). The tax rates for carbon emissions differ, and the
total emission cost function is a piecewise discontinuity function (as shown in Figure 3). As carbon
emissions increase, taxes will increase [63]. That is: TR1 W1 , TR2 W2 , and TR3 W3 represent the carbon
emission cost when total carbon emission falls within the ﬁrst, the second, and the third range of
Figure 3. Total carbon emission costs are, as follows:
The total cos t of carbon emissions = TR1 W1 + TR2 W2 + TR3 W3
This is the ﬁfth term of Equation (1), i.e., total carbon emissions cost. The related constraints
are Equations (15)–(22). In Equations (17)–(22), (n1 , n2 , n3 ) is a SOS2 set of 0–1 variables, and only
one and just one will be 1. If n1 = 1, then n2 , n3 = 0 from Equation (22), 0 ≤ W1 ≤ CE1 from
Equations (17) and (18), W2 = W3 = 0 from Equations (19)–(21); that is, the total carbon emission
quantity falls within the ﬁrst range [0, CE1 ] of Figure 3, and the total carbon emission cost is TR1 W1 .
Similarly, if n2 = 1, then the total carbon emission quantity falls within the ﬁrst range (CE1 , CE2 ]
of Figure 3, and the total carbon emission cost is TR2 W2 ; if n3 = 1, then the total carbon emission
quantity falls within the third range (CE1 , ∞) of Figure 3, and the total carbon emission cost is
TR3 W3 . The cost function of Figure 3 is a carbon emission cost function with full progressive tax rates.
In summary, the more the tire company generates carbon emissions, the more it should pay for carbon
emission taxes.

Figure 3. Carbon emission costs (taxes).

3.3. Summary
In summary, the above discussion includes the manufacturing process of the tire industry,
the application of ABC cost system and TOC theory in mathematical programming, revenue, various
costs, and carbon emissions in the objective function and the associated constraints. In the following
sections, scenario analysis will be conducted using the assumed three carbon emission cost models.
The results of the analysis will be provided for management decision-making.
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4. Illustration
The tire company burns exhaust during the production process, and the emission of carbon
seriously affects air pollution. This paper proposes a hypothetical discussion of a green decision
model for tire Company A. As an illustration, company A in the tire industry has been established in
Taiwan for more than 50 years. There are 11 tire manufacturing companies in the world, with more
than 24,000 employees worldwide and paid-in capital exceeding 30 billion yuan. The main products
are all kinds of tires and rubber products. Company A is used to illustrate how to apply the green
decision-making model proposed in this paper. We assume that Company A’s costs for producing their
products include direct material cost, direct labor cost, kneading activity cost, pressing out activity
cost, cutting off activity cost, forming activity cost, vulcanizing activity cost, inspecting activity cost,
material handing activity cost, and carbon emission cost (tax).
4.1. Model 1: Green Decision Model without Carbon Rights Trading, but Has a Carbon Cap Allocated for Use
by the Government
When using Equations (1)–(22), let Company A consider the production of three main products:
Passenger Car Radial (PCR) product (i = 1), Truck & Bus Radial (TBR) product (i = 2), and Motorcycle
(MC) product (i = 3), and that these products consume the same direct materials. Then, each product’s
quantity is shown in thousands, and the costs and input costs are in U.S. dollars. The data for the
case are shown in Table 1. Total ﬁxed cost is a constant (USD $22,000 in this example). This study
uses the illustrative example data in Table 1 for the three green decision models explored in this paper,
including a model without carbon rights trading and two models with two kinds of carbon rights
trading costs, in order to analyze the carbon emission costs in the tire industry for managerial decisions.
The green product mix decision model without carbon rights trading for the case data in Table 1
is shown in Table 2. We solved this o-1 mixed integer programming (0–1 MIP) model by using LINGO
16.0 software, and the optimal solution is shown at the bottom area of Table 2.
The total proﬁt Z is USD $53,225,000. It is assumed that the government allocates a carbon
emission quantity to Company A, which has been converted to the carbon emission quantity UCE
= 4,000,000 metric tons, and the carbon emission cost (tax) is shown in Figure 3. The carbon tax cost
function fz (GCE) are, as follows:
⎧
⎪
⎨ TR1 ∗ GCE if 0 ≤ GCE ≤ CE1
fz (GCE) =
TR2 ∗ GCE if CE1 < E ≤ CE2
⎪
⎩ TR ∗ GCE if GCE > CE
3
2
The optimal solution in Table 2 indicates that the total carbon emission quantity is 335,000 metric
tons and the carbon emission cost is USD $3,350,000, which falls in the ﬁrst range of carbon emission
quantity in Figure 3. If the remaining 3,665,000 metric tons of carbon emission quantity can be sold
to other companies that need to purchase additional carbon credits, according to the EU (2008–2012)
under the emissions trading scheme, and is sold at USD $30 per metric ton of carbon dioxide, the tire
industry could add an additional proﬁt of USD $109,950,000 to increase its existing maximum gross
proﬁt to USD $163,175,000 (=$53,225,000 + $109,950,000).
According to the results of this scenario analysis as shown in Table 2, if the tire industry controls
the carbon emission cost according to this mathematical programming model and sells the remaining
carbon emissions allocated from the government to the companies that need to purchase carbon
emissions. In addition to the original income of the products, the company can also get a considerable
income to sell the remaining carbon emissions. It can be seen that carbon emissions are indeed a very
important indicator variable affecting the tire company’s proﬁt, and the tire industry should carefully
control carbon emissions to avoid cost explosion on the premise of maximizing proﬁts.
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Table 2. The model and its optimal solutions with the illustrative data for Model 1.
Max Z = (310*B1 + 1010*B2 + 160*B3 ) − (21*4 + 11*2 + 6*5 + 38*2 + 22*2)*B1
− (21*6 + 11*10 + 6*15 + 38*6 + 22*15)*B2 -(21*2 + 11*1 + 6*2 + 38*1 + 22*1)*B3
− 7040 − (11,000 − 7040)*e1 − (15,840 − 7040)*e2 − 50*β1 − 150*β2 − 10*β3
− 10*W1 − 20*W2 − 30*W3 − F
Subject to machine hours;
Subject to direct material;
5*B1 + 10*B2 + 1*B3 ≤ 13,300;
4*B1 + 6* B2 + 2* B3 ≤ 10,600;
2*B1 + 4*B2 + 1*B3 ≤ 22,100;
2*B1 + 10*B2 + 1*B3 ≤ 8100;
2*B1 + 3*B2 + 1*B3 ≤ 22,100;
5*B1 + 15*B2 + 2*B3 ≤ 8700;
3*B1 + 5*B2 + 1*B3 ≤ 26,500;
2*B1 + 6*B2 + 1*B3 ≤ 7100;
2*B1 + 3*B2 + 1*B3 ≤ 13,300;
2*B1 + 15*B2 + 1*B3 ≤ 7900;
3*B1 + 6*B2 + 1*B3 ≤ 6700;
Subject to direct labor;
1*B1 + 1.5*B2 + 0.5*B3 − 1760-440*e1 − 880*e2 ≤ 0;
Subject to Material handing;
e0 − m1 ≤ 0;
B1 − 5*β1 = 0;
e1 − m1 – m2 ≤ 0;
B2 − 10*β2 = 0;
e2 − m2 ≤ 0;
B3 − 1*β3 = 0;
e0 + e1 + e2 = 1;
2*β1 + 3*β2 + 1*β3 ≤ 1860;
m1 + m2 = 1;
0 ≤ e0 ≤ 1; 0 ≤ e1 ≤ 1; 0 ≤ e2 ≤ 1; m1 , m2 = 0,1;
Subject to carbon emission;
GCE = 0.2B1 + 0.1B2 + 0.1B3 ,
GCE = W1 + W2 + W3 ;
W1 + W2 + W3 ≤ 4000;
0 ≤ W1 ; W1 ≤ 2040n1 ;
2040*n2 < W2 ; W2 ≤ 2340*n2 ;
W3 > 2340*n3 ;
n1 + n2 + n3 = 1.
The optimal solutions for the example data
B1 = 895,000
e0 = 1
β1 = 181,000
n1 = 1
W1 = 335,000
m1 = 1

B2 = 85,000
e1 = 0
β2 = 8000
n2 = 0
W2 = 0
m2 = 0

B3 = 1,475,000
e2 = 0
β3 = 1,475,000
n3 = 0
W3 = 0

F = 22,000,000
Z = 53,225,000
GCE = 335,000

4.2. Model 2: Green Decision Model with Constant Carbon Right Cost
Model 2 assumes that the company can purchase carbon rights with a constant unit cost (R).
The carbon right cost function is equal to the f4 (GCE − UCE), as shown in Figure 4, if the company
has the need to buy carbon right for additional sales.





 

   


Figure 4. Carbon right cost.
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The company’s carbon emission cost function is equal to the carbon tax cost plus the carbon right
purchase cost. The carbon emission cost function f2 (GCE) is as follows:
'
f2 (GCE) =

fz (GCE) if 0 ≤ GCE ≤ UCE
fz (GCE) + f4 (GCE − UCE) if GCE > E

where fz (GCE) is the carbon tax cost function and f4 (GCE − UCE) is carbon right cost function.
When the company’s carbon emission quantity does not exceed the carbon emission quota (UCE),
the carbon emission cost only includes the carbon tax cost fz (GCE), otherwise, the company needs to
buy carbon right, and the company’s carbon emission cost is fz (GCE) + f4 (GCE − UCE).
The objective for Model 2 is shown as follows:
MaximizeZ =

(Total revenue) − (Direct material cost) − (Direct labor cost
−(Material handing
emission cost) (Other ﬁxed cost)
+ cost) − (carbon
,
n

s

= ∑ Ci Bi − ∑
i=1

k=1

n

Dk ∑ ( Eik Bi )
i=1

− (TLC0 +e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 ))

(23)

−(G1 β1 + G2 β2 + G3 β3 ) − {(TR1 W1 + TR2 W2 + TR3 W3 ) ∗ θ1
+[(TR1 W1 + TR2 W2 + TR3 W3 ) + R ∗ (GCE − UCE)] ∗ θ2 } − F

The additional associated constraints are, as follows:
GCE = l1 B1 + l2 B2 + l3 B3 = CQ1 + CQ2

(24)

0 ≤ CQ1

(25)

CQ1 ≤ UCE ∗ θ1

(26)

UCE ∗ θ2 < CQ2

(27)

CQ2 ≤ (UCE + UCPQ) ∗ θ2

(28)

θ1 + θ2 = 1, θ1 , θ2 = 0, 1

(29)

where R is the unit cost of carbon right; UCPQ is the maximum quantity of carbon right that the
company can purchase. θ1 and θ2 are indictor variables of 0–1 variables. If θ1 = 1, then θ2 = 0 from
Equation (29), CQ2 = 0 from Equations (27) and (28), and 0 ≤ GCE = CQ1 ≤ UCE from Equations
(25) and (26). That is, the company need not purchase the carbon rights, and the total carbon emission
cost is (TR1 W1 + TR2 W2 + TR3 W3 ) from Equation (23). On the other hand, if θ2 = 1, then θ1 = 0 from
Equation (29), CQ1 = 0 from Equations (25) and (26), and UCE ≤ GCE = CQ2 ≤ (UCE + UCPQ)
from Equations (27) and (28). That is, the company needs to purchase carbon rights at the quantity,
(GCE − UCE), and the total carbon emission cost is [(TR1 W1 + TR2 W2 + TR3 W3 ) + R*(GCE − UCE)].
Other variables and parameters are as previously deﬁned.
Equations (2)–(29) form Model 2, as explored in this paper. In Model 2, it is assumed that the
carbon rights can be purchased regarding the required carbon emissions, and according to the EU
(2008–2012) under the emissions trading scheme, the constant cost per unit tonne of carbon dioxide is
USD $30 (R). Assume also that the maximal quantity of carbon rights that the company can purchase
(UCPQ) is 160 tonnes of carbon dioxide. Model 2 with R = USD $30, UCPQ = 160, and the illustrative
data in Table 1, is as shown in Table 3. We solve this problem and the optimal solution is shown at the
bottom area of Table 3. The optimal solution indicates that the required carbon footprint of Company
A exceeds the maximum amount of carbon credits, as allocated by the government.
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Table 3. The model and its optimal solutions with the illustrative data for Model 2.
Max Z = (310*B1 + 1010*B2 + 160*B3 ) − (21*4 + 11*2 + 6*5 + 38*2 + 22*2)*B1
− (21*6 + 11*10 + 6*15 + 38*6 + 22*15)*B2 − (21*2 + 11*1 + 6*2 + 38*1 + 22*1)*B3
− 7040 − (11,000 − 7040) *e1 − (15,840 − 7040) *e2 − 50*β1 − 150*β2 − 10*β3
− {(10*W1 − 20*W2 − 30*W3 )*θ1 + [(10*W1 − 20*W2 − 30*W3 ) + 30*(GCE − 4000)]*θ2 } − F
Subject to machine hours;
Subject to direct material;
5*B1 + 10*B2 + 1*B3 ≤ 13,300;
4*B1 + 6* B2 + 2* B3 ≤ 10,600;
2*B1 + 4*B2 + 1*B3 ≤ 22,100;
2*B1 + 10*B2 + 1*B3 ≤ 8100;
2*B1 + 3*B2 + 1*B3 ≤ 22,100;
5*B1 + 15*B2 + 2*B3 ≤ 8700;
3*B1 + 5*B2 + 1*B3 ≤ 26,500;
2*B1 + 6*B2 + 1*B3 ≤ 7100;
2*B1 + 3*B2 + 1*B3 ≤ 13,300;
2*B1 + 15*B2 + 1*B3 ≤ 7900;
3*B1 + 6*B2 + 1*B3 ≤ 6700;
Subject to direct labor;
1*B1 + 1.5*B2 + 0.5*B3 − 1760 − 440*e1 − 880*e2 = 0;
Subject to batch handing;
e0 − m1 ≤ 0;
B1 − 5*β1 = 0;
e1 − m1 − m2 ≤ 0;
B2 − 10*β2 = 0;
e2 − m2 ≤ 0;
B3 − 1*β3 = 0;
e0 + e1 + e2 = 1; m1 + m2 = 1;
2*β1 + 3*β2 + 1*β3 . ≤ 1860;
0 ≤ e0 ≤ 1; 0 ≤ e1 ≤ 1; 0 ≤ e2 ≤ 1; m1 , m2 = 0,1;
Subject to carbon emission;
0 ≤ W1 ; W1 ≤ 2040*n1 ;
GCE = 0.2 ∗ B1 + 0.1 ∗ B2 + 0.1 ∗ B3 ;
2040*n2 < W2 ; W2 ≤ 2340*n2 ;
GCE = W1 + W2 + W3 ;
W3 > 2340*n3 ;
W1 + W2 + W3 ≤ 4000;
n1 + n2 + n3 = 1;
Subject to carbon emission right purchasing
GCE = CQ1 + CQ2 ;
4000*θ2 < CQ2 ;
0 ≤ CQ1 ;
CQ2 ≤ (4000 + 160)* θ2 ;
CQ1 ≤ 4000*θ1 ;
θ1 + θ2 = 1, θ1 , θ2 = 0, 1
The optimal solutions for the example data
B1 = 905,000
B2 = 80,000
B3 = 1,470,000
F = 22,000,000
e0 = 1
e1 = 0
e2 = 0
Z = 53,050,000
β2 = 8000
β3 = 1,470,000
β1 = 181,000
n1 = 1
n2 = 0
n3 = 0
W1 = 336,000
W2 = 0
W3 = 0
CQ2 = 0
GCE= 336,000
CQ1 = 336,000
m1 = 1
m2 = 0
θ2 = 0
θ1 = 1

The results of this scenario analysis are compared with scenario 1 and it is found that scenario
2 assumes that carbon rights are purchased, the maximum proﬁt will be reduced by USD $175,000
(from USD $53,225,000 to USD $53,050,000) and carbon emissions will increase by 1000 metric tons. (by
335,000 metric tons increased to 336,000 metric tons). The results of this scenario analysis also prove
that carbon emissions are indeed variables that affect the total proﬁtability. It can also provide the tire
industry in the future when purchasing carbon rights, we should carefully consider the company’s
overall revenue, and avoid the purchase and use of carbon rights, so that the cost can be optimally
controlled, so that the company will continue to operate.
4.3. Model 3: Green Decision Model with a Minimum Purchase Quantity of Carbon Right
Model 3 assumes that the company should purchase the carbon right with a minimum purchase
quantity (LCPQ) that has a constant charge (CF) if the company has the need for additional sales, as
shown in Figure 5 and the carbon emission cost function f3 (GCE) is as follows:
f3 (GCE) =

⎧
⎪
⎨

fz (GCE) if 0 ≤ GCE ≤ UCE
fz (GCE) + CF if UCE < GCE ≤ (UCE + LCPQ)
⎪
⎩
fz (GCE) + CF + f4 (GCE − UCE − LCPQ) ∗ R if (UCE + LCPQ) < GCE ≤ (UCE + LCPQ)
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where, there are three scenarios for the carbon emission cost function: (1) the company’s carbon
emission quantity does not exceed the carbon emission quota (UCE), (2) the company needs to buy the
carbon right whose quantity does not exceed the LCPQ, (3) the company needs to buy the carbon right
whose quantity between LCPQ and UCPQ.





 



   









Figure 5. Carbon right cost.

The objective for Model 3 is shown as follows:
MaximizeZ =

(Total revenue) − (Direct material cost) − (Direct labor cost
−(Material handing
emission cost) (Other ﬁxed cost)
+ cost) − (carbon
,
n

s

i=1

k=1

= ∑ Ci Bi − ∑

n

Dk ∑ ( Eik Bi )
i=1

− (TLC0 + e1 (TLC1 − TLC0 ) + e2 (TLC2 − TLC0 ))

−(G1 β1 + G2 β2 + G3 β3 ) − {(TR1 W1 + TR2 W2 + TR3 W3 ) ∗ θ1
+[(TR1 W1 + TR2 W2 + TR3 W3 ) + CF] ∗ θ2
+[(TR1 W1 + TR2 W2 + TR3 W3 ) + CF + R ∗ (GCE − UCE − LCPQ)] ∗ θ3 } − F

(30)

The additional associated constraints are, as follows:
GCE = l1 B1 + l2 B2 + l3 B3 = CQ1 + CQ2 + CQ3

(31)

0 ≤ CQ1

(32)

CQ1 ≤ UCE ∗ θ1

(33)

UCE ∗ θ2 < CQ2

(34)

CQ2 ≤ (UCE + LCPQ) ∗ θ2

(35)

(UCE + LCPQ) ∗ θ3 < CQ3

(36)

CQ3 ≤ (UCE + UCPQ) ∗ θ3

(37)

θ1 + θ2 + θ3 = 1, θ1 , θ2 , θ3 = 0, 1

(38)

where R is the unit cost of carbon right; LCPQ is the minimum purchase quantity; and UCPQ is
the maximum quantity of carbon right that the company can purchase. θ1 , θ2 , and θ3 are indictor
variables of 0–1 variables. If θ1 = 1, then θ2 = θ3 = 0 from Equation (38), CQ2 = CQ3 = 0 from
Equations (34)–(37), and 0 ≤ GCE = CQ1 ≤ UCE from Equations (32)–(33). That is, the company
need not purchase carbon rights, and the total carbon emission cost is (TR1 W1 + TR2 W2 + TR3 W3 )
from Equation (30). If θ2 = 1, then θ1 = θ3 = 0 from Equation (38), CQ1 = CQ3 = 0 from Equations
(32)–(33) and (36)–(37), and UCE ≤ GCE = CQ2 ≤ (UCE + LCPQ) from Equations (34)–(35). That is,
the company needs to purchase carbon rights at the minimum purchase quantity, LCPQ, and the
total carbon emission cost is [(TR1 W1 + TR2 W2 + TR3 W3 ) + CF]. If θ3 = 1, then θ1 = θ2 = 0. from
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Equation (38), CQ1 = CQ2 = 0 from Equations (32)–(35), and (UCE + LCPQ) ≤ GCE = CQ3 ≤ (UCE
+ UCPQ) from Equations (36)–(37). That is, the company needs to purchase carbon rights exceeding the
minimum purchase quantity, LCPQ, and the total carbon emission cost is [(TR1 W1 + TR2 W2 + TR3 W3 )
+ CF + R*(GCE − UCE − LCPQ)]. Other variables and parameters are as previously deﬁned.
Equations (2)–(22) and (30)–(38) form Model 3, as studied in this paper. As in Model 2, it is
assumed that R = USD $30 and UCPQ = 160. Assume also that the minimum purchase of carbon
rights is 60,000 metric tonnes, i.e., LCPQ = 60; then, CF = R*LCPQ = $1800. Model 3, with these
data and the illustrative data in Table 1, is shown in Table 4. We solve this problem and the optimal
solution is shown at the bottom area of Table 4. The optimal solution indicates that the required
carbon footprint of 4,060,000 tonnes for Company A is equal to (UCE + LCPQ). It means that Company
A needs to obtain just the minimum purchase quantity of 60,000 metric tonnes of carbon rights in
addition to the permissible no need to buy carbon rights emission quantity (UCE), as allocated by the
government. As a result, the optimal green portfolio decision and the maximum total proﬁt obtained
is USD $53,050,000.
Table 4. The model and its optimal solutions with the illustrative data for Model 3.
Max Z = (310*B1 + 1010*B2 + 160*B3 ) − (21*4 + 11*2 + 6*5 + 38*2 + 22*2)*B1
− (21*6 + 11*10 + 6*15 + 38*6 + 22*15)*B2 -(21*2 + 11*1 + 6*2 + 38*1 + 22*1)*B3
− 7040 − (11,000 − 7040) *e1 − (15,840 − 7040) *e2 − 50*β1 − 150*β2 − 10*β3
− {(10*W1 − 20*W2 − 30*W3 )*θ1 + [(10*W1 − 20*W2 − 30*W3 ) + 1800]*θ2
+ [(10*W1 − 20*W2 − 30*W3 ) + 1800 + 30*(GCE − 4000 − 60)]* θ3 } − F
Subject to machine hours;
Subject to direct material;
5*B1 + 10*B2 + 1*B3 ≤ 13,300;
4*B1 + 6* B2 + 2* B3 ≤ 10,600;
2*B1 + 4*B2 + 1*B3 ≤ 22,100;
2*B1 + 10*B2 + 1*B3 ≤ 8100;
2*B1 + 3*B2 + 1*B3 ≤ 22,100;
5*B1 + 15*B2 + 2*B3 ≤ 8700;
3*B1 + 5*B2 + 1*B3 ≤ 26,500;
2*B1 + 6*B2 + 1*B3 ≤ 7100;
2*B1 + 3*B2 + 1*B3 ≤ 13,300;
2*B1 + 15*B2 + 1*B3 ≤ 7900;
3*B1 + 6*B2 + 1*B3 ≤ 6700;
Subject to direct labor;
Subject to batch handing;
1*B1 + 1.5*B2 + 0.5*B3 − 1760 − 2200*e1 − 2640*e2 = 0;
B1 − 5*β1 = 0;
e0 − m1 ≤ 0;
B2 − 10*β2 = 0;
e1 − m1 − m2 ≤ 0;e2 − m2 ≤ 0;
B3 − 1*β3 = 0;
e0 + e1 + e2 = 1; m1 + m2 = 1;
2*β1 + 3*β2 + 1*β3 ≤ 1860;
0 ≤ e0 ≤ 1; 0 ≤ e0 ≤ 1; 0 ≤ e0 ≤ 1; m1 , m2 = 0,1;
Subject to carbon emission;
0 ≤ W1 ; W1 ≤ 2040*n1 ;
GCE = 0.2B1 + 0.1B2 + 0.1B3 ,
2040*n2 < W2 ; W2 ≤ 2340*n2 ;
GCE = W1 + W2 + W3 ;
W3 > 2340*n3 ;
W1 + W2 + W3 ≤ 4000;
n1 + n2 + n3 = 1;
Subject to carbon emission right purchasing
GCE = CQ1 + CQ2 + CQ3 ;
(4000 + 60)*θ3 < CQ3 ;
0 ≤ CQ1 ; CQ1 ≤ 4000*θ1 ;
CQ3 ≤ (4000 + 160)*θ3 ;
4000*θ2 < CQ2 ; CQ2 ≤ (4000 + 60)*θ2 ;
θ1 + θ2 + θ3 = 1, θ1 , θ2 , θ3 = 0, 1
The optimal solutions for the example data
B1 = 905,000
B2 = 80,000
B3 = 1,470,000
F = 22,000,000
e1 = 0
e2 = 0
Z = 53,050,000
e0 = 1
β1 = 181,000
β2 = 8000
β3 = 1,470,000
n2 = 0
n3 = 0
n1 = 1
W1 = 336,000
W2 = 0
W3 = 0
GCE = 336,000
CQ1 = 336,000
CQ2 = 0
CQ3 = 0
θ2 = 0
θ3 = 0
θ1 = 1
m1 = 1
m2 = 0

The result of this scenario is the same as scenario 2. It means that if the tire industry needs to
purchase carbon rights, it will affect the total proﬁt. From the results of the scenario analysis, it is
further proved that the purchase of carbon rights will affect the total proﬁt of the tire industry. If carbon
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tax is levied, in the cost control, special attention should be paid to the quantity of carbon emissions
for which there is no need to buy carbon rights to avoid cost explosions.
4.4. Sensitivity Analysis
One of important things for enterprises is the maximization of total proﬁts, thus, this article
focuses on high-carbon emission and high-polluting tire industries. With the rise of environmental
awareness, corporate carbon emissions policies have been implemented in the branches of other
countries. Insufﬁcient carbon emissions due to the allocation of the country will require the additional
acquisition of carbon rights, which will result in an additional burden on costly carbon emissions.
To further understand the impact of the three key variables of the carbon emissions trading model on
total proﬁts in this study, three types of model carbon tax rates were increased or decreased by 5% to
30% for a total of 12 cases for sensitivity analysis (Tables 5–7). The test results are, as follows:
(1)

(2)

(3)

Model 1: The original total proﬁt of the company is USD $53,225, and the carbon tax rate is
increased by 5%, 10%, 15%, 20%, 25%, and 30%, respectively. The total proﬁt found was reduced
by 0.31% (USD $53,057,500), 0.62% (USD $52,890,000), 0.94% (USD $52,772.50), 1.25% (USD
$52,555,000), 1.57% (USD) $52,387.50), and 1.88% (USD $52,200), respectively; at the relative
decreases of 5%, 10%, 15%, 20%, and 25%, then the total proﬁt was found to increase by 0.31%
(USD $53,392.50), 0.62% (USD $53,560), and 0.94% (USD $53,727.50), 1.25% (USD $53,895), 1.57%
(USD $54,062.50), and 1.88% (USD $54,230), respectively. Therefore, as the carbon tax rate
decreases, the total proﬁt of the enterprise will increase. Conversely, increasing the carbon tax
rate will lead to a decrease in total corporate proﬁts.
Model 2: The original total proﬁt of the company was USD $53,225, the carbon tax rate was
increased by 5%, 10%, 15%, 20%, and 25%, respectively, and the total proﬁt was found to decrease
by 0.31% (USD $52,882), 0.63% (USD $52,714), 0.95% (USD $52,546), 1.26% (USD $52,378), 1.58%
(USD $52,210), and 1.9% (USD $52,042), respectively; at the relative decrease of 5%, 10%, 15%,
20%, 25%, and 30%, it is found that the total proﬁt increased by 0.31% (USD $53,218), 0.63%
(USD $53,386), 0.95% (USD $53,554), 1.26% (USD $53,722), 1.58% (USD $53,890), and 1.9%
(USD $54,058), respectively. Therefore, as the carbon tax rate decreases, the total proﬁt of the
company will increase. Conversely, increasing the carbon tax rate will lead to a decrease in total
corporate proﬁts.
Model 3: The original total proﬁt of the company is USD $53,050, and the carbon tax rate is
increased by 5%, 10%, 15%, 20%, 25%, and 30% respectively. The total proﬁt found was reduced
by 0.31% (USD $52,882), 0.63% (USD $52,714), 0.95% (USD $52,546), 1.26% (USD $52,378), 1.58%
(USD $52,210), and 1.9% (USD $52,042), respectively. At the relative decrease of 5%, 10%, 15%,
20%, 25%, and 30%, it is found that the total proﬁt increased by 0.31% (USD $53,218), 0.63%
(USD $53,386), 0.95% (USD $53,554), 1.26% (USD $53,722), 1.58% (USD $53,890), and 1.9%
(USD $54,058), respectively. Therefore, as the carbon tax rate decreases, the total proﬁt of the
company will increase. Conversely, increasing the carbon tax rate will lead to a decrease in total
corporate proﬁts.
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Table 5. Sensitivity analysis on the carbon tax of model 1.
Carbon Tax
Decrease/Increase Ratio (%)

Proﬁt
(A)

Increase/Decrease (Compared with the
Initial Value) (%) (B) = (D)/(C)

Original Proﬁt
(C)

Increase Proﬁt
(D) = (A) − (C)

−30%
−25%
−20%
−15%
−10%
−5%
0%
5%
10%
15%
20%
25%
30%

54,230.00
54,062.50
53,895.00
53,727.50
53,560.00
53,392.50
53,225.00
53,057.50
52,890.00
52,722.50
52,555.00
52,387.50
52,220.00

1.88%
1.57%
1.25%
0.94%
0.62%
0.31%
0.00%
−0.31%
−0.62%
−0.94%
−1.25%
−1.57%
−1.88%

53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00
53,225.00

1005.00
837.50
670.00
502.50
335.00
167.50
0.00
−167.50
−335.00
−502.50
−670.00
−837.50
−1005.00

Unit: Thousands of USD.

Table 6. Sensitivity analysis on the carbon tax of model 2.
Carbon Tax
Decrease/Increase Ratio (%)

Proﬁt
(A)

Increase/Decrease (Compared with the
Initial Value) (%) (B) = (D)/(C)

Original Proﬁt
(C)

Increase Proﬁt
(D) = (A) − (C)

−30%
−25%
−20%
−15%
−10%
−5%
0%
5%
10%
15%
20%
25%
30%

54,058.00
53,890.00
53,722.00
53,554.00
53,386.00
53,218.00
53,050.00
52,882.00
52,714.00
52,546.00
52,378.00
52,210.00
52,042.00

1.90%
1.58%
1.26%
0.95%
0.63%
0.31%
0.00%
−0.31%
−0.63%
−0.95%
−1.26%
−1.58%
−1.90%

53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00

1008.00
840.00
672.00
504.00
336.00
168.00
0.00
−168.00
−336.00
−504.00
−672.00
−840.00
−1008.00

Unit: Thousands of USD.

Table 7. Sensitivity analysis on the carbon tax of model 3.
Carbon Tax
Decrease/Increase Ratio (%)

Proﬁt
(A)

Increase/Decrease (Compared with the
Initial Value) (%) (B) = (D)/(C)

Original Proﬁt
(C)

Increase Proﬁt
(D) = (A) − (C)

−30%
−25%
−20%
−15%
−10%
−5%
0%
5%
10%
15%
20%
25%
30%

54,058.00
53,890.00
53,722.00
53,554.00
53,386.00
53,218.00
53,050.00
52,882.00
52,714.00
52,546.00
52,378.00
52,210.00
52,042.00

1.90%
1.58%
1.26%
0.95%
0.63%
0.31%
0.00%
−0.31%
−0.63%
−0.95%
−1.26%
−1.58%
−1.90%

53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00
53,050.00

1008.00
840.00
672.00
504.00
336.00
168.00
0.00
−168.00
−336.00
−504.00
−672.00
−840.00
−1008.00

Unit: Thousands of USD.

In summary, three different scenario models with carbon taxes and carbon right are analyzed in
this study by sensitivity analysis, and the results show that the increase or decrease of the carbon tax
rate is one of the major factors affecting the total proﬁt of the tire industry. However, under the current
international focus on greenhouse gas emission reduction and environmental protection, how to reduce
carbon emissions has become an important issue. The implementation of the national carbon emission
system and carbon rights trading system is the most important issue for international environmental
protection today. Therefore, the tire industry should understand the response to the implementation of
the carbon tax, as well as the additional costs of carbon emission exchanges, in order to avoid affecting
the company’s biggest proﬁt decline.
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5. Conclusions
The tire industry is a high-carbon and high-pollution industry. As global warming, climate change,
and global emissions of greenhouse gases have become international environmental issues of concern,
in recent years, some countries have encountered air pollution and environmental problems, and have
begun to adopt the carbon price mechanism to implement carbon taxes. Therefore, the carbon tax and
the carbon trading mechanism are the main strategies used by various governments around the world
to respond to global warming and promote a green economy. Based on this concept, this paper applied
a mathematical programming model and put forward three green optimal carbon price models for
analysis. In Model 1, the results show that the tire company can sell the remaining 3,664,000 metric
tonnes to other companies in need, and thus, earn more money. In addition, based on the assumptions
of the two carbon rights purchase cost models of Model 2 and Model 3, analysis shows that the tire
companies do not need to purchase additional carbon rights; however, compared with Model 1, if there
is a carbon rights transaction, the total proﬁt will decrease. Therefore, in order to reduce the impact of
carbon tax and carbon trading on the proﬁts of tire companies, tire companies could reduce carbon
emissions as much as possible, and they can signiﬁcantly reduce costs to create higher proﬁts.
Based on the mathematical programming model, this article developed three different scenario
models with carbon tax and carbon right for tire companies and conducted sensitivity analysis.
The analysis results can provide references for tire industry management’s decision-making.
In addition, according to the analysis results, we know that the operating costs will increase if
a company wants to purchase additional carbon rights, which may led to a substantial reduction in
proﬁts. Therefore, management should pay more attention to the quantity of carbon rights purchased.
In addition, the mathematical programming model with carbon tax and carbon rights trading, as
developed in this paper, can be extended to other relevant industries, such as construction, aviation,
paper, steel, and other high pollution industries with high carbon emissions. In addition, this paper
can be extended to the development of a green tax system through the design of a long-term and
short-term mixed tax policy [64] to reﬂect the correct price of carbon tax and to reduce carbon emissions
and air pollution. It is also possible to consider the policy of carbon emission and carbon pricing
from the perspective of economics. Besides, this research can also be extended to consider the carbon
emission permit allocation factors or the game-theoretic problem involving more than one company in
a cap-and-trade system [65].
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Abstract: Under the carbon trading mechanism, renewable energy projects can gain additional
beneﬁts through Chinese Certiﬁed Emission Reduction transactions. Due to the uncertainty of carbon
trading system, carbon prices will ﬂuctuate randomly, which will affect the investment timing of
renewable energy projects. Thus, the value of the option will be generated. Therefore, renewable
energy power generation project investment has the right of option. However, the traditional
investment decision-making method can no longer meet the requirements of renewable energy
investment in the current stage. In this paper, a real option model considering carbon price ﬂuctuation
is proposed as a tool for renewable energy investment. Considering optimal investment timing and
carbon price, the model introduces a carbon price ﬂuctuation as part of the optimization, studies the
ﬂexibility of enterprises’ delayed investment under the ﬂuctuation of carbon price. A case study
is carried out to verify the effectiveness of the proposed real option model by selecting a wind
farm in North China. The model is expected to help investors to assess the volatility and risk of
renewable energy projects more accurately, and help investors to make a complete plan for the project
investment, thus promoting the efﬁcient allocation of resources in the energy industry.
Keywords: carbon price ﬂuctuation; renewable energy; real options analysis; investment
under uncertainty

1. Introduction
With the increasingly global climate change, reducing greenhouse gas emissions, optimizing energy
structure and decreasing fossil energy consumption have been one of the attentions of the world.
The Paris Agreement points out that all sides should strengthen the global response to the threat of
climate change. It involves holding on to a clear goal, in this case the 2C limit. China has participated
in the cooperation of the climate problem actively, and made solemn commitment to reduce the
greenhouse gas emission, that is a decrease in emissions intensity of around 40 percent to 45 percent
between 2005 and 2020, at the Copenhagen conference in December 2009. In order to achieve saving
energy and reducing emissions, the utilization of renewable energy has great potential for development.
Therefore, the 13th Five-Year Plan proposed that the non-fossil energy contributes 15% of primary
energy consumption. It is the request of achieving greenhouse gas emission reduction. It means a rare
opportunity to invest in renewable energy for power enterprises.
In 2018, China has ofﬁcially launched the national carbon trading market. As an instrument
of policy, carbon trading market can promote the whole society to a low carbon transformation.
It also will promote the development of clean energy power generation. Key emission units can
reduce carbon emissions by developing clean energy such as photovoltaic and wind power. With the
growing size of the market for carbon trading and the development of carbon trading mechanism,
Energies 2018, 11, 1817; doi:10.3390/en11071817
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more and more enterprises involve in carbon trading. Enterprises will be more active in the use of clean
energy, which promotes the development of the renewable energy. Accordingly, the establishment
of carbon trading market also brings an opportunity for the investment of renewable energy power
generation projects.
Furthermore, with the development of national economy, energy security problem has been an
important indicator of future economic development of China. At present, the newly discovered fossil
energy resources in China are basically located in remote areas or oceans, and the cost of mining is
relatively high. Conversely, renewable energy has no threat of exhaustion, and it is not dependent
on import. From the amount of renewable energy reserves in China, renewable energy has good
resource conditions, its development potential is huge. Therefore, promoting large-scale investment
of renewable energy by power generation enterprises is a feasible and effective measure to ensure
China’s energy security.
Therefore, this topic is based on the above realistic background. This paper focuses more on the
overall impact of the establishment of carbon trading market on renewable energy power generation
projects and studies the optimal investment rule of power generation enterprises under carbon
price ﬂuctuation to provide useful reference for enterprise decision-makers and thus promoting
renewable energy development, achieving national greenhouse gas emission reduction commitments
and ensuring energy security supply.
In this paper, the structure of this paper is as follows. Section 1 introduces the background of the
research. Section 2 summarizes the current research status at home and abroad. Section 3 constructs
the real option model based on the ﬂuctuation of carbon price and carries out the calculation. Section 4
selects the wind power ﬁeld in North China for an empirical analysis. The research contents of this
paper are summarized in Section 5.
2. Literature Review
2.1. The Generation of Real Option Theory
Net present value is a relatively scientiﬁc and relatively simple method of investment evaluation.
It is suitable for a relatively stable market situation. However, due to the factors that it considers
are simple and lack of reﬂection on future uncertainty, it is likely to underestimate the true value
of investment projects. The volatility of carbon prices and the risk of renewable energy investment
increased with the gradual maturity of the international carbon trading market and the establishment
of China’s carbon trading market. The traditional investment decision method cannot comply with the
trend. Therefore, we can minimize the risk of renewable energy investment projects by introducing
the real option method. Real options method is an extension of ﬁnancial options theory to real assets.
The option pricing model was originally applied to asset appraisal in 1973 [1,2], and then applied to
investment projects under uncertainty. Amram and Kulatilaka [3] and Copeland and Antikarov [4]
evaluated high risk investment projects by Return on Assets, which including petroleum, aviation,
medicine and other ﬁelds. Then, due to the investment ﬂexibility of the real option method, it was
soon applied to all walks of life [5,6].
2.2. The Application of Real Option Theory
At present, more and more foreign scholars begin to study the volatility of renewable energy
investment projects caused by uncertainty. Kyeongseok Kim and Hyoungbae Park [7] put forward the
corresponding real option model taking the developing countries as the research object. The model is
put forward as a tool to evaluate the investment decision of renewable energy, which help investors to
efﬁciently and accurately invest in projects with high carbon price and high risk. Bøckman et al. [8]
selected the hydropower project in Norway as a case. The real option model is constructed, and the
optimal scale and time of investment for hydropower projects are ﬁnally obtained. Kjærland [9]
analyzed the potential project value of Norway under different point and different investment behavior,
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and quantiﬁed the value of the project through the construction of real option model, so as to determine
the optimal investment behavior. Abadie and Chamorro [10] designed the real option model under
the uncertain conditions and analyzed the inﬂuence of the three uncertainties including electricity
price, electricity generation, and tariff subsidy policy on the investment value of British wind farm
projects. Lee [11] demonstrated the effectiveness of the option model through applying real option
model to wind power projects in Taiwan. It is found that the electricity price, the expiration time,
the risk free interest rate, and the investment value of the project are proportional to the investment
value. Martinez-Cesena and Mutale [12] designed a real option model suitable for small wind power
projects. Kumbaroğlu et al. [13] proposed the renewable energy investment strategy based on dynamic
programming model considering the uncertainty of renewable energy technology. Lena Kitzing and
Nina Juul [14] proposed a real option model of wind energy investment to solve the optimal investment
time point and optimal capacity.
At present, the research on renewable energy investment is mainly focused on feasibility
evaluation and risk assessment. Mahdi Shahnazari and Adam McHugh [15] studied the comprehensive
real option model under the interaction of carbon price and renewable portfolio standard (RPS)
instruments. Casals [16] studied the feasibility of the renewable energy power generation project
and analyzed its technical feasibility in meeting the stability reliability of the system and regional
development planning. Ochoa [17] appraised the economic beneﬁt of the renewable energy generation
project, and proposed the evaluation model and multi-objective programming model of the economic
beneﬁt of the distributed generation. Rothwell [18] evaluated the risk of developing new nuclear power
plants by means of real options, and simulated three uncertain factors: price risk, production risk,
and cost risk. The risk premium was derived by Monte Carlo simulation. Fleten et al. [19] founded
that the use of a random price real option method to analyze the investment of a power plant required
a greater return, not just the return value of the traditional net present value balance point.
Domestic scholars are also concerned about the application of real option theory in renewable
energy investment. Han Longxi [20] analyzed the opportunities and challenges facing the renewable
energy industry in China through Clean Development Mechanism, and suggested that the renewable
energy industry should take the lead in the integration of the domestic greenhouse gas emission
reduction trading system, and explore the huge beneﬁts of reducing emissions and increasing revenues
by market means. Wang Jianbin [21] fully considered the reaction and inﬂuence of market participants
to investment decision, established a dynamic model of power investment based on real option
theory and game theory, and studied the dynamic decision-making problem of electric power project
investors under uncertainty and market competition. Xu nuo [22] proposed two basic assumptions
when building the mathematical model of power generation investment based on option game theory,
that is, the decision-making behavior of the power generation investors in the market will affect each
other. The change of load growth is the most important uncertainty factor in the decision-making of
the power generation investors. Ren zhi min and Zeng Ming [23] built a non-cooperative game model
of power generation investment decision under the condition of building up carbon price based on
bidding principle of free competitive power generation market. Gong Piqin and Li Xinyang [24] studied
the investment in renewable energy projects under the ﬂuctuation of carbon price and calculated
the NPV of three types of renewable energy project investment and its real option value (ROV).
Hou Gang [25] and Zhu Zhenyu [26] studied the risk assessment of renewable energy projects,
including the determination of risk factors and risk control strategies.
The main problems involved in the previous research are the application of real options model in
different industries, the improvement of the evaluation methods of renewable energy projects and
the impact of renewable energy technology on project investment. Through the analysis of previous
studies, there is a method of cash ﬂow to assess the impact of carbon prices on renewable energy
investment, and also to use capacity constraints as a part of the optimization of renewable energy
investment to carry out the real option analysis of carbon prices. However, there is a lack of a real
option analysis of the dynamic planning and analysis of carbon prices for China’s renewable energy
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projects. Therefore, this paper attempts to provide an option model for the research of renewable
energy investment in China by analyzing the impact of carbon price ﬂuctuation on the investment of
renewable energy projects.
On the basis of the above research work, assuming sustainability and scale stability of renewable
energy projects the research will introduce the carbon price to build a mathematical model to solve the
optimal solution of the carbon price of the renewable energy investment. The study of this paper will
ﬁll the gap of optimizing carbon price as an investment value.
3. Methodology
3.1. The Steps of Model for Investment Decisions for Renewable Energy Investment
Although the ﬁxed tariff system provides the guarantee of higher electricity price and power
generation capacity, investment in renewable energy generation projects will get CDM support with
the ﬁxed price cannot cover the renewable energy project investment and the cost of power generation
enterprises. Then, enterprises will obtain carbon emissions subsidies. The uncertainty of carbon price
will affect the Investment decision of renewable energy project. It is difﬁcult for investors to accurately
evaluate renewable energy investment projects.
In order to solve these difﬁculties, this paper proposed a real option model for renewable
energy projects. The model is divided into three steps, as shown in Figure 1: values conﬁrmation,
determination of carbon price threshold, and investment timing determining. Step 1 is the
determination of the project value of renewable energy generation. In this step, the random ﬂuctuation
of carbon price is considered. Beneﬁts of renewable energy projects include the revenue from certiﬁed
emission reduction. Step 2 is the determination of carbon price threshold. The Brownian movement of
carbon price is an important type of stochastic process. The uncertainty of the price of carbon produces
the value of the option. In this step, the dynamic programming method and Bellman equation are
introduced, and then Bellman equation and Ito lemma are used to introduce a famous irreversible
investment model. Step 3 is to determine whether renewable energy projects will be invested.

Figure 1. The steps of model for investment decisions for renewable energy projects.

3.2. Model
Considering the volatility of carbon prices and the ﬂexibility of investment time points,
the investment problem of renewable energy projects can be considered as a time-lasting real option
problem. In regards to uncertainty, the carbon price (pc ) is assumed to be governed by a geometric
Brownian motion (GBM) dpc = αpc dt + σpc dz, where α is the growth rate of carbon price, σ is the
standard deviation of the growth rate, and α and σ are the drift and volatility of the carbon price,
and dz is a standard Brownian motion.
The operational gross margin is inﬂuenced by the electricity price (pe ), unit generation cost (c),
carbon price, and total output of renewable energy generation, all of which are combined in this single
measure π pc .
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3.2.1. Value Conﬁrmation
The proﬁt of the renewable energy generation project is composed of two parts of the income of
the electricity sales proﬁt and the revenue of the reduced displacement approved by the sales CDM.
For given π pc [3], the value of the project refers to the expected discount value of gross proﬁt of
the project.
π pc = pe + pc η Q − I
(1)
where π is the gross proﬁt of the project, and Q is the average production. I denotes investment cost.
I = CQ, C > 0. C refers to the investment cost of project unit output, which is related to the capacity of
the project.
(2)
π pc = pe + pc η − C Q
The discounted rate (r) refers to the interest rate that can be invested in a certain investment
object without any risk. Where T denotes the life cycle of renewable energy generation projects
and η denotes the conversion coefﬁcient of certiﬁed emission reduction and generating capacity
emission reduction
η = certiﬁed
.
generating capacity
The project value of the renewable energy generation project is equal to the discount value of the
project proﬁt, and it is a function of the carbon price. The value of the project is:
V pc =

 T
0

e−rt ∏ π pc dt

(3)

V pc = Ve + Vc = Ve + θpc
where Ve denotes the income of the electricity sales proﬁt and Vc denotes the revenue of the reduced
displacement approved by the sales CDM, where θ is a compound index of the value of proﬁt with the
random ﬂuctuation of carbon price.
3.2.2. Determination of Carbon Price Threshold
F pc represents investment options for renewable energy projects due to the uncertainty of
carbon price ﬂuctuation. Bellman equation is [14]:
+
F pc = max

,
%
&
max V pc
,

0<t<T

1
E [(dF pc + dpc |pc ]
1 + rdt

(5)

F pc satisﬁes the dynamic programming equation. The ordinary differential equation is [21]:
1 2 2 
σ pc F pc + μpc F pc − rF pc = 0
2
F pc =

∂2 F
,
∂p2c

F pc =

∂F
∂pc .

(6)

The homogeneous part in the upper form indicates the delayed

option value of the power generation enterprise postponing investment. The general solution to the
β
β
ordinary differential equation is [21] F pc = A1 pc 1 + A2 pc 2 , where β1 and β2 are the two roots of the
quadratic equation. Where A1 and A2 are undetermined constant determined by boundary condition:
1 2
σ β(β − 1) + μβ − r = 0
2
1
μ
μ
1 2 2r
1
μ
μ
1
2r
β1 = − 2 + ( 2 − ) + 2 (β1 > 1), β2 = − 2 − ( 2 − )2 + 2 (β2 < 0)
2 σ
2
2 σ
2
σ
σ
σ
σ
k(β) =

(7)

Since r > 0, it is that k(0) = −r < 0. Also, since μ < r, it is that k(1) = μ − r < 0.
In order to obtain the threshold of carbon price, two conditions must be satisﬁed. First, if the
carbon price is 0, then the option value is 0, then the investment of renewable energy projects will
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β

β

not be optimal. F = 0. A2 pc 2 = 0. It thus follows that F pc = A1 pc 1 = Apβ
c . Second, to determine
pc∗ , the value of the option and the value of the projects are analyzed: They should be equal at pc∗ ,
moreover, both functions have the same slope (Smooth pasting condition).
'

'

F pc∗ = V pc∗ − I
F pc∗ = V pc∗

(8)

∗β

A1 pc 1 = Ve + θpc∗ − I
∗β −1
β1 A1 pc 1 = θ

(9)

Solving upper formula for pc∗ , the investment thresholds are derived:
'

θ ∗1−β1
β1 pc
β1
( I − Ve )
θ(β1 −1)

A1 =
pc∗ =

(10)

The value of option is determined as:
F pc =

⎧
⎨

β

A1 pc 1 , pc < pc∗
 β
⎩ θp∗ + Ve − I p∗c 1 , p ≥ p∗
c
c
c
p

(11)

c

4. Case Study
4.1. Case Description and Sources of Data
In recent years, the power supply tends to be diversiﬁed, and the thermal power generation is
becoming cleaner. The proportion of renewable energy is increasing obviously. In 2017, renewable
energy accounted for 36.6% of the total installed capacity of China’s electricity industry and 26.4%
of the total generating capacity [20]. Renewable energy investment has accounted for 85% of
the total investment in the power sector. According to the “energy production and consumption
revolutionary strategy (2016–2030)”, by 2030, the proportion of non-fossil energy generated by
non-fossil energy, including nuclear energy and renewable energy, will strive to reach 50% of the total
power generation [21].
This paper selected the operation of a wind farm in North China and applied the option model,
and then solved carbon price threshold, investment time point and investment value by the option
model. The source of funds for the project is free ﬁnancing, and the rest is settled by ﬁnancing.
According to the conditions of wind energy, it is planned to install 33 units of wind turbines with
an installed capacity of 49.5 MW, an average annual availability of 2500 h, and a unit generation
cost of 0.0728 USD/kwh, with a project period of 20 years. The risk free interest rate R is 0.05 [24].
The electricity price of the Internet is 0.0823 USD/kwh [27]. Table 1 lists the speciﬁc data of the case.
Table 1. Summary of input parameters in the case study.
Items

Symbols

Values

Upper generator capacity
Total project cost
Concession period
Annual average production
Variable investment cost

q
I
T
Q
C

49.5 MW
39.17 million USD
20 Years
1947.72 USD kwh
0.0728 USD/kwh

pc is assumed to follow a GBM, it is that d ln pc = α − 12 σ2 dt + σdt. The carbon price is
estimated by drift α and volatility σ, and the two parameters are assumed to be constant, indicating that
the randomness of carbon price will not change with time.
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Carbon emission reduction coefﬁcient is closely related to emission reduction standards,
geographical distribution, and technological level. According to the data released by the climate
division, the emission reduction coefﬁcient of carbon dioxide in north China in 2015 is 1.0416 t
CO2 /MWh [15].
Table 2 summarizes the environmental parameters.
Table 2. Environmental parameters.
Items

Symbols

Values

Risk-free rate interest rate
Electricity tariff
Conversion coefﬁcient
The growth rate of carbon price
The standard deviation of α

r
pe
η
α
σ

0.05
0.0823 USD/kwh
1.0416 t CO2 /MWh
0.02
0.10

4.2. Real Options Analysis
The seasonal changes were not taken into account in the model construction. It is assumed that
renewable energy output is considered constant throughout the life cycle of the project.
According to the correlation coefﬁcient of carbon price in the previous article, the Monte Carlo
method is used to simulate the random ﬂuctuation of carbon price. The number of simulation times is
100,000 times, and the carbon price threshold of the power generation enterprises under ﬁxed net price
is measured, which is 6.78 dollars/ton.
According to the seven major carbon trading market in China in the past year, the price range of
quota price has narrowed year by year in the past two years. At present, the price of carbon emissions
in Beijing is 4.5–8 dollars/ton, and Shenzhen’s carbon price is 3–5 dollars/ton [28].
According to the above information, the carbon price threshold of the wind power generation
project is within the range of domestic carbon price ﬂuctuations, indicating that wind power generation
projects can gain revenue through carbon emission reduction transactions. The power generation
companies will invest in wind power projects at the level of carbon price higher than 6.78 US
dollars/ton.
According to the data of wind power project, the NPV of the wind power project is $330 million.
Under the carbon trading mechanism, the investment value of the project with real option value is
$460 million because of the uncertainty of carbon price. The total value of the project investment
considering the option value is higher than that of the pure present value method. It shows that the
renewable energy power generation project can be more comprehensive and ﬂexible to measure the
investment value of the project under the carbon trading mechanism.
4.3. Sensitivity Analysis
Sensitivity analysis, that is, using Monte Carlo method to iterate many times, to observe the
impact of renewable energy investment options through variable changes. According to the results
obtained above, the carbon price threshold of the wind power generation project is of practical
signiﬁcance. Therefore, the sensitivity analysis of carbon price ﬂuctuation of wind power projects is
carried out. The effects of carbon price growth rate and volatility of carbon price growth rate on carbon
price threshold and investment option value are studied respectively while other parameters remain
the same.
(1)

The relationship between carbon price growth rate and carbon price threshold and investment options

According to Figure 2, the investment option value of power generation enterprises is positively
related to the growth rate of carbon price under the condition that other parameters remain unchanged.
The higher the carbon price growth rate, the more inclined the power generation companies to wait for
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the delayed investment, and when the future carbon price reaches a higher level, the investment will
get greater returns. However, with the expansion of the carbon emission market, the rate of carbon
price growth will be reduced, and the power generation enterprises will invest earlier in the renewable
energy generation projects.
10
ɲ=0.01,Option value

Option value or NPV

8

ɲ=0.01,NPV
6

ɲ=0.02,Option value
ɲ=0.02,NPV

4

ɲ=0.03,Option value
ɲ=0.03,NPV

2

ɲ=0.04,Option value
0

ɲ=0.04,NPV
1

2

3

4

5

6

Carbon price

-2
Figure 2. The relationship between F, Net Present Value and α.

(2)

The relationship between volatility of carbon price growth rate and carbon price threshold and
investment options

As shown in Figure 3, the option value of the power generation enterprise is positively related
to the volatility of the carbon price growth rate. This shows that the higher volatility of carbon price
increases the value of enterprise investment options, but delays the investment time of enterprises.
The reason is that higher volatility shows greater uncertainty, and power generation companies need
to wait longer to determine whether the volatility of carbon prices is beneﬁcial to investment. With the
continuous improvement of China’s carbon trading system, the volatility of carbon prices will be
further stabilized, and the volatility will be reduced, promoting the power generation enterprises to
invest in renewable energy projects at a lower carbon price level.
10

Option value or value

8
ʍ=0.05,Option value

6

ʍ=0.1,Option value
4

ʍ=0.2,Option value
ʍ=0.5,Option value

2

NPV

0
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6
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-2
Figure 3. The relationship between F, Net Present Value and σ.
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5. Conclusions
The uncertainty of renewable energy investment comes from the volatility of the carbon trading
market, the uncertainty of national policies, and the uncertainty of the environment, etc. This paper
studies the uncertainty of the stochastic volatility of carbon price to the investment of renewable
energy, so as to determine the optimal investment time and option value of renewable energy. The two
objectives pursued in this study were: (1) the feasibility of renewable energy investment projects
under the uncertainty of carbon price; and (2) the variation of the carbon price threshold was revealed.
In order to achieve these two objectives, this paper proposed a real option model considering carbon
price ﬂuctuation as a tool to evaluate the investment of renewable energy projects.
A real option model of renewable energy generation investment under the current benchmark
electricity price system was constructed. The numerical simulation and sensitivity test of the model
were carried out by the Monte-Carlo method. This paper discussed the feasibility of investing in
wind power projects under the current net electricity price level in China, analyzed the investment
opportunity of the investment in the renewable energy project of wind power generation and revealed
the change law of the value of the carbon price gap with the related parameters.
In this paper, a real option model was veriﬁed by selecting a case of a wind farm project.
The research has somewhat practical signiﬁcance. Sensitivity analysis was to determine the impact
of stochastic characteristics of carbon prices on project value. According to the sensitivity analysis of
wind power data, this paper concluded that the higher the rate of carbon price growth and the higher
the ﬂuctuation level, the more the power generation enterprises tend to postpone the investment,
and these factors have a very signiﬁcant impact on the return of the enterprise investment.
The future uncertain world carbon trading system will inevitably aggravate the ﬂuctuation of
carbon prices. The future research on investment in renewable energy projects will tend to further
quantify the uncertainty of projects, which can better control of the high risk of project investment.
The uncertainty of the project includes changes in government policies, climate changes, and changes
in technology levels. In the construction of real option model, if more scenarios are designed and more
detailed data analysis method is adopted, it will be more accurate to analyze the change in investment
value of project uncertainty.
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Abstract: This study presents a life cycle assessment (LCA) study for a buoy-rope-drum (BRD) wave
energy converter (WEC), so as to understand the environmental performance of the BRD WEC by
eco-labeling its life cycle stages and processes. The BRD WEC was developed by a research group at
Shandong University (Weihai). The WEC consists of three main functional modules including buoy,
generator and mooring modules. The designed rated power capacity is 10 kW. The LCA modeling
is based on data collected from actual design, prototype manufacturing, installation and onsite
sea test. Life cycle inventory (LCI) analysis and life cycle impact analysis (LCIA) were conducted.
The analyses show that the most signiﬁcant environmental impact contributor is identiﬁed to be
the manufacturing stage of the BRD WEC due to consumption of energy and materials. Potential
improvement approaches are proposed in the discussion. The LCI and LCIA assessment results are
then benchmarked with results from reported LCA studies of other WECs, tidal energy converters,
as well as offshore wind and solar PV systems. This study presents the energy and carbon intensities
and paybacks with 387 kJ/kWh, 89 gCO2 /kWh, 26 months and 23 months respectively. The results
show that the energy and carbon intensities of the BRD WEC are slightly larger than, however
comparable, in comparison with the referenced WECs, tidal, offshore wind and solar PV systems.
A sensitivity analysis was carried out by varying the capacity factor from 20–50%. The energy and
carbon intensities could reach as much as 968 kJ/kWh and 222 gCO2 /kWh respectively while the
capacity factor decreasing to 20%. Limitations for this study and scope of future work are discussed
in the conclusion.
Keywords: wave energy converter; life cycle assessment; energy intensity; carbon intensity

1. Introduction
Carbon dioxide emissions from electricity generation are a major cause of anthropogenic climate
change [1]. Around 30% of the world’s population is currently exposed to climatic conditions exceeding
a deadly threshold for at least 20 days a year. By 2100, this percentage is projected to increase to 48%
and 74% under scenarios with drastic reductions and no considerable reductions of GHG emissions [2].
Overtaking the United States, China has become the world’s biggest carbon emission contributor since
2007 due to its reliance on fossil fuel. In 2009, China committed to reduce its carbon intensity (CO2 per
unit of GDP) by 40% to 45% percent below 2005 levels by 2020. Achieving this ambitious 2020 goal,
China will have to further expand its renewable energies’ portion in its power supply structure [3].
Among various renewable energies, marine energy has been believed as one to partially replace
conventional fossil fuel energy due to its carbon free electricity production mechanism. In recent
years the world has witnessed the emergence of marine energy conversion technologies. Research
and development programmes on wave energy extraction have been carried out in many countries,
such as USA, Australia, UK, Portugal, Norway and Japan. Thousands of patents were granted on how
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to absorb wave energy and convert it to electricity or other forms of energy [4]. Since the beginning
of the century, tidal stream technology and wave energy technology development have started to
ramp up [5]. Although there no large-scale WEC installation has been reported in the U.S., the U.S.
Department of Energy sponsored the Wave Energy Prize in 2015, an 18-month public design-build-test
competition to increase the diversity of organizations involved in WEC technology development, while
motivating and inspiring existing stakeholders [6]. The UK and Portugal have the vast majority of
wave energy deployments in Europe [5]. The Carbon Trust estimates that a contribution of up to 20%
of total UK energy generation could be provided by marine energy by 2050 [7,8]. China possesses
a total marine area of 4,700,000 km2 [9]. With annual mean wave power of up to 7.73 kW/m wave
front, China has a wave power potential of 128.5 GW, nearly half of the electricity production of
China [10,11]. However, the majority of China’s wave energies are without any exploitation and
thus far, most of the WECs in China are still in concept design or pre-commercial stages. Aiming
to stimulate and encourage the marine renewable energy technology research and development,
China National Oceanic Administration set up the Speciﬁc Fund for Marine Renewable Energies in
2010. Sponsored by this speciﬁc funding, quite a few new WECs have been invented, prototyped
and sea tested. Representative systems of these WECs include 100 kW Sharp Eagle by Guangzhou
Institute of Energy Conversion, 120 kW oscillating Buoy WEC by Shandong University, 300 kW ﬂoating
hydromantic WEC device Hailong I, etc. Most of these Chinese WECs are still in their early stages
under research and development and are not ready for commercial scale production.
On the other hand, marine energy extraction technology is still at its infancy stage as wave
energy conversion has been proven to be difﬁcult [12]. In spite of decades of research and thousands
of patents there is still no consensus on the best way to harness the energy of ocean waves [13].
In this context, efforts for current wave conversion technologies’ research and development are still
focused on the concept optimization and efﬁciency improvement, as well as reliability enhancement.
These technologies have not emphasized much on the WECs’ life cycle environmental performance
improvement. Although new technologies of marine energy conversion are constantly emerging, only
few full LCAs have been carried out and reported [14]. None of these studies are based on devices
developed in China.
Up to 2016, only a few LCA case studies reported the energy and carbon intensities of wave and
tidal energy devices. Most among those studies have looked only at energy and carbon as impact
categories [8,15,16]. Douglas et al. in the LCA study of Seagen, the world’s ﬁrst commercial-scale
grid-connected tidal current energy installation, reported the energy and carbon intensities with
214 kJ/kWh and 15 gCO2 /kWh. The energy payback period is approximately 14 months and the CO2
payback is around 8 months [15]. LCA studies for Pelamis WEC conducted by Parker et al. in 2007 and
Thomson et al. in 2011 demonstrate the Pelamis’ energy and carbon intensities with 293 kJ/kWh
and 22.8 g CO2 /kWh [8]. Thomson et al. expanded this analysis by covering more environmental
impacts, demonstrating the same energy intensity of 293 kJ/kWh, and a justiﬁed carbon intensity of
23 gCO2 /kWh [8,14]. The estimated energy and carbon payback periods are approximately 20 months
and 13 months, respectively [8,14]. Walker et al. and Douziech et al. in their studies compared the
life cycle environmental performance of wave and tidal energy plants [16,17]. The studied WEC,
Oyster, was reported to have energy and carbon intensities of 236 kJ/kWh and 25 gCO2 /kWh, with
energy and carbon payback periods of 12 months and 8 months. Claimed to be the ﬁrst LCA study
for tidal current energy devices taking impacts beyond climate change into account, Douziech et al.
demonstrated the WEC Oyster800 has on average 3.5 times higher impact than offshore wind power,
but eight times lower impact than electricity generated from coal power [17]. Uihlein et al. presented a
LCA study to assess the environmental impacts of eight types of WECs and seven types of tidal energy
devices. The reported total greenhouse gas emissions of ocean energy devices range from about 15 to
105 gCO2-eq /kWh. Average global warming potential for all device types is 53 ± 29 gCO2-eq /kWh [18].
These pioneering in-depth LCA studies indicate that wave energy conversion have the advantage
and potential to become a promising contributor to achieve reduction of energy and carbon intensities
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from energy sector, by comparison with the high carbon intensity level of typical fossil fuel energy
ranging from 400–1000 gCO2 /kWh [15,16]. These studies compare wave energy favorably against
current renewable energy sources such as wind (8–12 gCO2 /kWh), solar PV (~30 gCO2 /kWh) and
nuclear (~70 gCO2 /kWh) [16]. As per these studies, the WEC environmental impacts are closely linked
to material inputs and are caused mainly by structural components and mooring foundations; while
impacts from assembly, installation and use are insigniﬁcant for all device types [8,13,18]. Possible
improvement to reduce WECs’ entire life cycle environmental impact, especially energy and carbon
intensity, can be achieved by using more environmentally sustainable materials for the structural
components, utilizing more fuel-efﬁcient transportation, as well as reducing the shipping associated
with maintenance [8,13].
The purpose of this work is to increase the knowledge of life cycle environmental performance of
wave energy conversion technologies and identify high environmental impact stages and processes for
future system development and improvement. While marine energy sources are carbon-free, there
are indirect GHG emissions related to the manufacturing, operation, and maintenance as well as
decommissioning of generators and other system components. Detail understanding of the life cycle
impacts of WECs is important for future developments of the WEC system and environmental impact
evaluation for technology maturating and commercializing. In this study, the life cycle of a BRD
WEC is analytically modeled using SimaPro v 8.3.0.0, a widely used LCA software developed by PRé
Consultants (Amersfoort, The Netherlands). The life cycle of the BRD WEC consists of stages such
as materials extraction, manufacture and assembly, installation, operations and maintenance (O&M),
decommissioning and recycling. The LCI and LCIA analyses are performed for the BRD WEC device
to identify signiﬁcant energy and carbon intensity and environmental impact contributing stages and
processes. In order to comprehensively understand its environmental impacts beyond energy and
carbon, the ReCiPe Midpoint method is applied to cover as wide range of environmental impacts.
The LCI and LCIA results are benchmarked with reported pioneering LCA studies of other WECs,
tidal, offshore wind and solar PV systems.
2. Method
2.1. BRD WEC Structural Breakdown
The studied BRD WEC system was designed by a research group of Shandong University (Weihai).
The prototype device has been manufactured, deployed offshore and sea tested. The ﬁrst stage of the
project has been fully conducted and completed. With additional ﬁnancial support by National Marine
Renewable Energy Speciﬁc Fund, the research group has been focusing on the efﬁciency improvement
and partial redesign of its structural components. As illustrated in Figure 1, the BRD WEC consists
of such modules as buoy, generator and mooring modules. A rope with its lower end connected
to a gravity anchor on the seabed is attached and wound around the drum of the generator casing
through the rope guide. The wave energy extraction and energy conversion mechanism consists of
two primary strokes. As shown in Figure 1a, buoy heaves upward due to coming wave’s pushing; the
drum rotates by pulling force from the rope; the coaxial permanent magnet rotates around the stator
winding to generate alternating current which will supply power for the resistive load. During this
stroke, wave energy is extracted and converted to elastic potential energy and stored by the coiled
spring and mechanical kinetic energy of the drum, and then converted to electrical energy generated
through the rotation of the coaxial rotator.
Figure 1b shows that, when the buoy heaves downward when waves coming off, the built in
coiled spring will reposition the drum by releasing its elastic potential energy and winding the rope
back to its initial position. During this stroke, with an overrunning clutch installed between the drum
and magnetic steel casing, the magnetic steel casing does not rotate when the drum rotates backward,
and the buoyant hull does not generate power during falling [19]. Figure 1c,d show the deployment
and in situ status of the prototype BRD WEC at offshore.
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Figure 1. (a) Wave energy extraction stroke; (b) Drum repositioning stroke; (c) BRD WEC transportation;
(d) BRD WEC installation [19].

2.2. LCA Goal and Scope for BRD WEC
The aim of this LCA study is to analyze the environmental performance of the BRD WEC over
its entire life cycle, identify stages and processes with signiﬁcant environmental impacts, suggest
environmental improvement approaches, as well as benchmark its environmental performance with
reported LCA studies of other renewable energy systems.
Functional unit is normally deﬁned as the marine energy system itself in existing LCA studies
for marine tidal and wave energy systems [16,20,21]. Nevertheless, it is sometimes deﬁned as 1 kWh
produced electricity delivered to grid by the marine energy power system, so as to compare its
environmental impacts with other renewable energies [13,16–18,21]. As the designed BRD WEC will
be primarily used for electricity supply for navigation buoys and small islands rather than delivering
electricity to the grid on mainland, the functional unit of this LCA study is thus deﬁned as the entire
BRD WEC system during its service lifespan of 20 years.
As illustrated in Figure 2, the system boundary encompasses all the materials and processes
through the BRD WEC life cycle, including raw materials extraction and manufacturing, component
manufacturing, module production, system assembly, installation, O&M, decommissioning and
recycling. Physically, the system boundary excludes small mechanical components used for upstream
module and system assembly as well as downstream maintenance (repairs and replacement), such
as bolts, nuts and studs, which account for negligible portion of weight and minimal environmental
impacts. For this LCA model, materials include the entire raw material extraction and processing.
Manufacturing and assembly include materials and processes for the components manufacturing,
module assembly through to the WEC system assembly. Installation primarily includes the
transportation to ship the assembled system to the installation location at sea, as well as energy and
materials consumption. O&M includes energy and materials consumption and component replacement
associated with materials and energy used within the O&M during the service life span of the WEC.
O&M also includes the transportation of replacement material and disposal of demolished materials.
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Decommissioning and recycling includes energy and emissions related to the disassembly process as
well as recycling or disposal of materials. Related transportation at the end of the life cycle is included
as well. The end of life (EoL) includes materials to be recycled and reused to avoid raw materials
extraction. Due to the fact that there has no industrial practice of WEC system decommissioning and
recycling or disposal [8,18], here it is assumed that majority of metals will be recycled; the gravity
anchors and chains will remain in the seabed and reused for subsequent WEC anchoring; and other
materials will be sent to either landﬁll or incineration.
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Figure 2. Life cycle of BRD WEC and system boundary.

The ReCiPe method is applied for the LCIA at a midpoint level, so as to examine as much
wide range of environmental impacts of the BRD WEC beyond energy and carbon intensities.
The environmental impacts of materials, energy consumptions as well as emissions are evaluated for
each life cycle stage.
2.3. Inventory Analysis of BRD WEC
2.3.1. Inventory Analysis of Raw Material Extractions
A LCI is conducted by following the ﬂow chart in Figure 2, according to the system boundary
deﬁnition, including all stages associated with primary materials and unit processes. Embodied energy
and emissions of raw materials acquisition and manufacturing are based on the normalized values by
Ecoinvent 3 database and published LCA studies [8,21,22]. The materials and processes inputs are
listed in Table 1.
2.3.2. Inventory Analysis of Manufacturing, Assembly and Installation
The buoy structure is designed to be made of 10,467 kg of carbon steel, while 640 kg of
polyurethane foam equipped in void spaces in the buoy structure to provide protection by absorbing
and reservoiring ﬂooded sea water in case of local structural damage and failure. A total amount of
63 kg of alkyd paint is applied to both inside and outside surfaces of the buoy structure so as to provide
antifouling and as anticorrosive protection. Zinc blocks are applied as a cathodic protection mechanism
to provide additional anticorrosive protection for the submerged steel structural components. Primary
processes include arc welding, painting and transportation in between manufacturing plants in
different locations in Shandong to the installation location 2 km off the shore at Weihai, Shandong.
The generator module contains two identical 5 kW generators made of 2056 kg of electrical steel,
171 kg of copper windings and a 75 kg neodymium magnet. The primary process is the machining and
arc welding for the generator manufacturing. Other processes such as wire drawing and transportation
from manufacturing plant in Tai’an to the assembly plant in Zibo are also taken into consideration.
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Since the input data of electrical steel is not available in the Ecoinvent database, here the data from [21]
is used for the inventory input. Input data of machining is referenced from [8,22].
Table 1. Primary materials and processes for BRD WEC manufacturing, assembly and installation.
Material/Process

Weight (kg)

Source

Comments

10,467
640
63
86
-

Ecoinvent
Ecoinvent
Ecoinvent
Ecoinvent
Ecoinvent
Ecoinvent
Ecoinvent
Ecoinvent

Structural components of buoy
Provides protection by absorbing ﬂooded sea water
Antifouling and anticorrosive protection coating
Used as sacriﬁcial anode (cathodic protection)
Primary process for steel structural construction
Primary process for Zinc block manufacturing
-

2056
171
75
-

[21]
Ecoinvent
Ecoinvent
Ecoinvent
[8,22]
Ecoinvent
Ecoinvent

Stator/Translator
Stator/Translator
Rotator
Copper winding manufacturing approximation
Generator manufacturing process approximation
Generator manufacturing process approximation
-

120,000
4698
-

Ecoinvent
Ecoinvent
Ecoinvent

Gravity anchor
Material for mooring chain
Shipping for anchors and chains

Fleece

30

Ecoinvent

Polar ﬂeece production

-

Ecoinvent

Transportation

-

Ecoinvent

Buoy Structure
Steel, general
Polyurethane
Alkyd paint
Zinc
Arc welding
Casting
Painting
Transportation
Generator
Electrical Steel
Copper winding
Permanent magnet
Wire drawing, copper
Machining
Arc welding
Transportation
Mooring
Concrete
Steel, low-alloyed
Transportation
Rope
Approximating UHMWPE rope, due to
unavailability of data
Rope production
Shipping for rope from manufacturing plant to
installation

The mooring module contains four gravity anchors and three steel mooring chains. Each mooring
chain connects the buoy structure with one gravity anchor sitting in the seabed touchdown site.
The lower end of the rope is ﬁxed on the 4th gravity anchor and the upper end is connected to the
drum. The gravity anchors are made of square shaped concrete block in a local concrete factory.
The mooring chains are made of steel and manufactured in a mooring manufacturing facility in
Qingdao. The process of transportation from Qingdao to the WEC installation location is included
in the analysis. Another included process is the steel casting of chain links. The distances taken into
account in this study are listed in Table 2.
2.3.3. Inventory Analysis of O&M
The BRD WEC does not consume energy and produces negligible amount of emissions during
its electricity production. The use and maintenance connected with energy and emissions are mainly
from replacements and routine inspection caused material consumption and transportations. Here
two assumptions are made: one is that routine inspections are planned at an annual basis; the other is
that the entire BRD WEC system’s structural integrity is well maintained with no need of major repairs
and replacements. In this case, only the transportations are taken into consideration for the inventory
analysis of the use and maintenance phase. The transportation is modeled as workboat commuting in
between the BRD WEC offshore installation site and the onshore maintenance workshop.
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Table 2. Distances taken into account for BRD WEC LCA.
Location

Distance (km)

Comments

Zibo, Shandong, China

20

Manufacturing/Assembly location of BRD WEC structure; distance from Zibo
to Weihai

Qingdao, Shandong, China

270

Manufacturing location of rope; distance from Qingdao to Weihai

Qingdao, Shandong, China

270

Manufacturing location of mooring chains; distance from Qingdao to Weihai

Weihai, Shandong, China

20

Manufacturing location of mooring module; distance from local plant to BRD
WEC assembly location at Weihai

Tai’an, Shandong, China

150

Xiaoshi Island, Weihai,
Shandong, China

Manufacturing location of generators; distance from Tai’an to Zibo
Offshore Weihai, Installation location of the BRD WEC; Operation and
Maintenance location

2

2.3.4. Inventory Analysis of EoL and Waste Scenarios
Up to date of the conduction of this study, there has no reported or published disposal or recycling
practice of WECs, thus reasonable assumptions have to be made in order for the LCA to be convincing.
According to ISO 14040, a credit is given to reduce the total energy and emissions, as the recycling of
certain components avoid the extraction of raw materials [8]. Given the level of uncertainty, different
recycling rates are taken for modeling by currently existing LCA studies. A recycling rate of 90%
was applied for steel recycling [8]. In order to investigate the impacts of including and excluding
recycling activities at EoL, a 100% recycling rate for metals and concretes was applied by [13] for the
purpose of sensitivity analysis. Another study excluded the disposal or recycling stage because of the
unavailability of information [21]. A comprehensive list of recycling or disposal rates regarding the
material categories are given in [18].
Here in this study, four EoL routes—recycling, incineration, landfill and reuse—are assumed for
the EoL modeling. For offshore steel facilities, current industrial practice suggests a corrosion rate
0.2–0.4 mm/year for offshore steel structures [23]. With the assumption of good protection by the built
in zinc sacrificial anodes and anticorrosive coating, here the lower corrosion rate value of 0.2 mm/year
was applied for the BRD WEC steel structure corrosion estimation, which results in a 0.75% annual
corrosion rate, in terms of steel weight. Due to lack of data for the design life of actual WEC installations,
the service life of WECs is usually assumed to be 20–25 years [8,13,15,18,20], in order to set up the
temporal coverage for LCA studies. Here in this work a service life of 20 years is assumed considering
the structural similarity of this BRD WEC with other WECs and other types of offshore energy systems.
The life time corrosion rate of the steel is then calculated to be 15%, which indicates that a remaining
85% of the structural steel is available for recycling at its EoL. As for the mooring module, with the
assumption that both the gravity anchors and mooring chains can be well maintained during the WEC’s
lifetime, the 85% of mooring module can be left in seabed for reuse for subsequent WEC deployments
and fixation. The waste routes at EoL for this study are shown in Table 3.
Table 3. Assumed waste routes at EoL.
Material

Recycling %

Incineration %

Landﬁll %

Reuse %

Comments

85

0

0

0

15% of buoy ferrous metals
assumed to be corroded

Non-ferrous metals b

95

0

5

0

Data source [18,24]

Plastics b

80

20

0

0

Data source [18,24]

Composites b

0

100

0

0

Data source [18,24]

Concrete (mooring) c

0

0

0

85

15% of mooring concrete assumed
to be deteriorated

Ferrous metals (other) a

90

0

10

0

Data source [18,24]

Ferrous metals (buoy)

a

Source: a Calculation; b [18,24]; c Assumption.
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2.3.5. Uncertainties
There are a few uncertainties for this LCA study due to the lack of available data such as
geographical difference, speciﬁc technological parameters, alternative materials, as well as assumptions
made in this study. Here the geographical difference refers to the actual embodied energy and emissions
from materials and manufacturing processes in China versus Europe, as most of the data for input
come from Europe cases based database by Ecoinvent. Technological parameters are another group
of factors that can have signiﬁcant impact on the LCA results. For instance, the capacity factor, the
generator efﬁciency, as well as the system reliability among others, are directly related to the input of for
the analysis, thus the change of these parameters will directly result in difference of the environmental
impacts. As discussed in the LCI and LCIA analysis, consumption of materials is the most signiﬁcant
contributor to the environmental impact of the entire life cycle of the WEC system. Applying alternative
materials in any components can have expected impact on the LCA results due to the embodied energy
and emission differences in raw material acquisition and manufacturing processes. Assumptions made
for this LCA study introduce uncertainties to the analysis results. For instance, the service lifetime,
the installation location at sea, the O&M requirements, the recycling rate of wasted materials at EoL,
among others, are all important input data which can have impact on the analysis results.
Numerically quantifying of the impacts of these uncertainties on the LCA results can be
investigated through the calculation of those interested indicators. Here an example is given by looking
into the following calculation formula of embodied energy or carbon intensity as shown below:
Iem. =

∑in= j=1 Eij × Aij
Pins. × CFAct. × ηsys. × Tlc

where Iem. represents the embodied energy or carbon intensity; Eij is the embodied energy or carbon
of the jth material or process in the ith life cycle stage for its unit amount of consumption; Aij is the
amount of the jth material or process in the ith life cycle stage; Pins. represents the installed capacity;
CFact. is the actual capacity factor; ηsys. is the system efﬁciency; Tlc is the design service life of the entire
system. From this mathematical expression it can be indicated that any speciﬁc parameter as an input
for the calculation is not necessarily linearly related with the embodied intensity calculation result.
For instance, adopting an alternative material with lower unit embodied energy or emission is not
necessarily expected to reduce the system embodied energy or emission intensity because it is possible
that at the same time the total amount of material consumption could also be changed, not to mention
that the system specs such as capacity factor, efﬁciency and design life could also be changed due to
the new material adoption. In this regard, the ﬁnal embodied energy or emission is not necessarily
reduced with the application of such material with low embodied energy or emission per unit amount.
Assuming another case that the O&M related activities are planned with shortened time intervals,
the associated with energy and emissions are expected to increase, on the other hand, this enhanced
maintenance plan may also lead to the system’s functional life extension beyond its design life, which
provides more electricity production. Taking these possibilities into consideration, the above formula
gives possibilities for either reduction or increase of energy or carbon intensities.
3. LCA Results
3.1. Life Cycle Inventory of the BRD WEC
The inventory analysis results show that the most signiﬁcant contribution to the life cycle
embodied energy comes from the manufacturing stage of the BRD WEC system, with buoy structure
contributing 52.97%, generator contributing 26.77% and mooring contributing 13.12%. It is noted that
the contribution of mooring manufacturing is compensated by the reuse of the mooring module after
its design life. The EoL and O&M contribute much less to the total energy consumption compared with
the manufacturing stage. For the embodied CO2 , the largest contributor is also the WEC system
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manufacturing, with 62.22% of the total embodied CO2 . The manufacturing of buoy structure
contributes the most with 35.31% which mainly comes from the structural steel consumption, followed
by the manufacturing of generator with 21.45% of the total CO2 . The embodied CO2 from the generator
module manufacturing primarily comes from the consumption of electrical steel and permanent
magnet. The EoL disposal of buoy structure contributes 37.42% of total embodied CO2 , which is
primarily due to the emissions from treatment of the waste polyurethane. The O&M contributes only
0.13% of total embodied energy and 0.15% of total embodied CO2 coming from the transportation
for annual inspection activities to maintain the structural and functional integrity of the WEC system
during its service life time.
3.2. Life Cycle Impact Assessment Results
3.2.1. Life Cycle Impact Analysis Results
With application of ReCiPe midpoint method, a sum of 18 environmental impact categories
are analyzed, including climate change, ozone depletion, terrestrial acidiﬁcation, freshwater
eutrophication, marine eutrophication, human toxicity, photochemical oxidant formation, particulate
matter formation, terrestrial ecotoxicity, freshwater ecotoxicity, marine ecotoxicity, ionising radiation,
agricultural and occupation, urban land occupation, natural land transformation, water depletion,
metal depletion and fossil depletion. The total characterized environmental impacts are presented in
Figure 3. Here a few results are highlighted: (1) the manufacturing stage of the WEC system is the
most signiﬁcant contributor to all categories of environmental impact except for marine eutrophication,
freshwater ecotoxicity and marine ecotoxicity; (2) the O&M stage contributes relatively little to the total
environmental impact; (3) manufacturing of the buoy structure by consumption of steel is the largest
contributor to 14 out of 18 categories of impacts including climate change (with steel contributing
31.3%), Ozone depletion (with a steel contribution of 42.3%), terrestrial acidiﬁcation (with steel
contributing 50.6%), freshwater eutrophication (with steel contributing 65.5%), human toxicity (with
steel contributing 36.7%), photochemical oxidant formation (with steel contributing 53.7%), particulate
matter formation (with steel contributing 64.9%), ionising radiation (with concrete contributing 42.3%),
agricultural land occupation (with concrete contributing 33.8%), urban land occupation (with concrete
contributing 54.2%), natural land transformation (with concrete contributing 43.2%), water depletion
(with concrete contributing 36.3%), metal depletion (with steel contributing 77%) and fossil depletion
(with steel contributing 48.1%); (4) manufacturing of generator is the most signiﬁcant contributor to
terrestrial ecotoxicity (with permanent magnet contributing 50.2%); (5) disposal of buoy structure
contributes the most to marine eutrophication (with treatment of waste polyurethane contributing
86.3%), freshwater ecotoxicity (with treatment of waste polyurethane contributing 57.4%) and marine
ecotoxicity (with treatment of waste polyurethane contributing 49.2%).















&OLPDW
HFKDQ

2]RQH
GHSOHWL

7HUUHVW
ULDODFL

)UHVKZ
DWHUHXW

0DULQH
HXWURS

%XR\6WUXFWXUH

+XPDQ
WR[LFLW

3KRWRF
KHPLFD

3DUWLFX
ODWHPD

'LVSRVDOB%XR\6WUXFWXUH

7HUUHVW
ULDOHFR

/&*HQHUDWRU

)UHVKZ
DWHUHF

0DULQH
HFRWR[

,RQLVLQ
JUDGLD

/&0RRULQJ 5HXVH

$JULFX
OWXUDO
/&5RSH

0HWKRG5H&L3H0LGSRLQW , 9:RUOG5HFLSH,&KDUDFWHUL]DWLRQ
$QDO\]LQJS /LIH&\FOH%5' 0RRULQJ5HXVH 

Figure 3. Life cycle impact of BRD WEC.
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3.2.2. Embodied Energy and Carbon: Intensities and Paybacks
In order to quantitatively ecolabel the high environmental impact associated with life cycle stages,
annual electricity production has to be estimated. Here for the calculation of annual electricity output
for the BRD WEC, a few assumed parameters are taken into calculation including the total wave energy
conversion efﬁciency and the capacity factor of the BRD WEC system. Since the BRD WEC is in its
development and test stages, the actual capacity factor has not been speciﬁed yet for use. Assumed
capacity factor values 20–50% are suggested by other WEC LCA studies [15,18,21,25] for the purpose
of calculating annual electricity productions. Here in this study, the capacity factor is assumed to be
50%, since this prototype WEC is still in its early stage of development and technologically immature.
Assuming that the total design generator efﬁciency 80% [26] is taken into the calculation and given the
design power capacity of 10 kW, the annual electricity output is then calculated to be about 35 MWh.
Within a service lifetime of 20 years, the total electricity production is calculated to be 700 MWh.
The energy intensity is calculated by dividing the life cycle embodied energy with total life time
energy production; likewise the carbon intensity is calculated by dividing the life cycle embodied
carbon with total life time energy production [27]. The energy payback period is an important
environmental indicator for renewable energies as it demonstrates the period of time for the renewable
power system to produce as much amount of energy as the energy consumption to produce the
energy system itself. Here the impact assessment method Cumulative Energy Demand [27–29] is
applied for the calculation of the payback time of the BRD WEC system. The results show that the
cumulative energy demand of the BRD WEC is 0.108 MJeq /MJelectricity , which gives the energy payback
time is 26 month. The calculated energy intensity of the BRD WEC is 387 kJ/kWh. The carbon
payback is another important environmental indicator for renewable energies, which is calculated
by dividing the life cycle embodied carbon with annual avoided carbon [27]. Here the annual
avoided carbon is calculated by taking the difference of the BRD WEC carbon intensity and carbon
intensity of local conventional fossil fueled electricity. The fossil fueled electricity emission factor is
taken as 1004 gCO2 /kWh [30], which is the latest emission factor published in 2014 for Shandong,
China. The calculated results of the carbon intensity and carbon payback are 89 gCO2 /kWh and
23 months, respectively.
3.3. Improvement Potentials
The above analyses show that the consumption of materials is the most signiﬁcant contributor of
the BRD WEC’s life cycle inventory and life cycle impacts. However, reduction of the overall energy
and carbon intensities should be comprehensively strategized. Here a few approaches are proposed so
as to achieve overall life cycle environmental improvement: (1) to increase the system speciﬁc mass,
according to the inherent connection between the speciﬁc mass with energy and carbon intensities;
(2) to improve the system reliability and energy conversion so as to achieve system life time extension
which results in more electricity production; (3) to utilize alternative materials with lower embodied
energy and emissions per unit mass; (4) to involve more environmentally friendly transportations;
among others.
3.4. Comparison with Other Renewable
In order to benchmark the environmental performance of the BRD WDC with other WECs as
well as other renewables, a comparison of energy and carbon intensities is made with two other types
of WECs including Pelamis and Oyster. The comparison is also included ﬁve types of tidal energy
converters including Seagen, TGL, Openhydro, Flumill and ScoRenewables. Comparison with other
renewable such as offshore wind and polycrystalline silicone photovoltaic systems is also conducted.
As shown in Figure 4, the energy intensity of BRD WEC is slightly larger than Pelamis and Oyster
but still within the range of 200–400 kJ/kWh. These energy intensities of WECs are comparable to tidal
energy converters. The carbon intensity of BRD WEC is approximately three times larger than Pelamis’
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and Oyster’s, which is also larger than the referenced tidal, offshore wind and PV systems. Energy and
carbon intensities of WECs are dependent on many factors, including geographical, technological, and
temporal and among others. Speciﬁc mass in terms of kilograms per kilowatt nominal power capacity
was introduced for comparison of different types of tidal and wave energy devices [18]. Here in this
work the approximate linear dependence with speciﬁc mass is analytically illustrated in Figure 4.
Comparison with Pelamis, Seagen and Oyster shows that BRD has much larger speciﬁc mass, which is
most likely the inherit reason for its relatively larger energy and carbon intensities.
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369

(QHUJ\LQWHQVLW\ N-N:+

&DUERQLQWHQVLW\ J&2N:+

ϵϬ

Energies 2018, 11, 2432

Figure 5 demonstrates the comparison of energy and carbon paybacks with other WECs including
Pelamis and Seabased Case Norway, as well as tidal energy converters including Seagen, TGL,
Openhydro, Flumill and ScoRenewables. It is indicated that the energy and carbon paybacks of
BRD WEC are comparable with other WECs. Secondly, all the studied WECs have relatively less
payback of energy and carbon than tidal energy converters, excluding Seagen. Further, the carbon
payback of all WECs is expected to be shorter than tidal energy converters. This further indicates
that application of wave energy conversion can achieve compensation for the system manufacturing
related energy consumption and carbon emission within shorter period of time.
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Figure 5. Comparison of energy and carbon paybacks of wave and tidal energy converters.

4. Sensitivities
Among the parameters that might have a signiﬁcant inﬂuence on the environmental impact,
capacity factor is one of the most interested ones for this study due to its uncertainty, since the
system is still immature. Hence, a sensitivity analysis was carried out for the wave energy system
by varying the capacity factor values in order to investigate its inﬂuence on the impact results. Here
for the capacity factor values, 20–50% was taken, as discussed in Section 3.2.2. Figure 6 indicates that
both carbon intensity and energy intensity decrease with the increase of capacity factor. For carbon
intensity, a value of 222 gCO2 /kWh is achieved, when the capacity factor decreases to 20%. Energy
intensity could be as much as 968 kJ/kWh with a capacity factor 20%. Here for the sensitivity analysis,
more speciﬁc examples or scenarios are not exhaustively discussed since the BRD WEC is still at its
development and optimization stage. However, the above discussion should give the designers and
interested stakeholders a sense of complexity to reduce the system’s energy and carbon intensities so
as to improve its overall environmental performance. A tradeoff has to be taken into consideration
among optimization of different technological parameters for future development and improvement.
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Figure 6. Carbon and energy intensities depending on capacity factors.

5. Discussion and Conclusions
In this study, a full life cycle is analytically modeled for the BRD WEC. The conducted LCI
and LCIA show that manufacturing is the most signiﬁcant contributor to energy consumption,
carbon emissions as well as interested environmental impacts. The energy and carbon intensities are
calculated to be 387 kJ/kWh and 89 gCO2 /kWh. The energy and carbon paybacks are calculated
to be 26 and 23 months. Analytical comparisons show that the energy and carbon intensities and
paybacks are comparable to reported LCA studies of other WECs and other renewables such as tidal,
offshore wind and solar PV. Improvements can be achieved through optimization of the system’s
speciﬁc mass, utilization of alternative materials which contains low unit embodied energy and
carbon. Shipping of the structural components and modules through more environmentally friendly
transportations with relatively low environmental impacts could also reduce the overall life cycle
environmental impacts. Since the life cycle impacts cover a wide range of categories of indicators, a
tradeoff is to be comprehensively and systematically made so as to achieve overall environmental
performance improvement.
Novelty of this study consists of but not limited to: (1) this study is the ﬁrst LCA case study for a
WEC developed in China; (2) this study is one of the few LCAs for WECs based on an actual system
installation; (3) this study originally suggests taking corrosion rate of offshore steel structures into
account for wave energy converters at EoL stage for LCA; (4) this study is one of the few fully LCA
studies taking into account not only energy and carbon, but also other environmental impacts.
Limitations of this study include: (1) lack of available data such as geographical difference, speciﬁc
technological parameters such as input data for operation and maintenance; (2) system immaturity
caused uncertainties such as materials, system efﬁciency and capacity factor; (3) accuracy of other
assumptions made for the analysis such as the service lifetime, the O&M requirements, the recycling
rate of wasted materials at EoL, and among others.
According to the above discussion, our future research will focus on acquisition of more
available data, data update with the system improvement as well as consideration of wider marine
environmental effects such as marine life. Last but not least, we realized that for any product or
service, regular LCA practice does not take into account economic and social factors. In this context,
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researchers have been dedicated to the integration of economic models as well as ecological and social
theories [31–34]. Nowadays life cycle sustainability assessment (LSCA) has been developed rapidly
because of its comprehensiveness. Although this is currently beyond scope of our study, economic and
social factors could be taken into consideration for our future research in order to comprehensively
understand the system’s sustainability performance.
Author Contributions: Data collection, Q.Z. and L.Z.; Analysis and manuscript drafting, Q.Z.; Review, S.L.
Funding: This research was funded by National Marine Renewable Energy Speciﬁc Fund (GHME2011BL02).
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Abstract: The recent advent of shale gas in the U.S. has redeﬁned the economics of ethylene
manufacturing globally, causing a shift towards low-cost U.S. production due to natural gas feedstock,
while reinforcing the industry’s reliance on fossil fuels. At the same time, the global climate change
crisis compels a transition to a low-carbon economy. These two inﬂuencing factors are complex,
contested, and uncertain. This paper projects the United States’ (U.S.) future ethylene supply in the
context of two megatrends: the natural gas surge and global climate change. The analysis models the
future U.S. supply of ethylene in 2050 based on plausible socio-economic scenarios in response to
climate change mitigation and adaptation pathways as well as a range of natural gas feedstock prices.
This Vector Error Correction Model explores the relationships between these variables. The results
show that ethylene supply increased in nearly all modeled scenarios. A combination of lower
population growth, lower consumption, and higher natural gas prices reduced ethylene supply by
2050. In most cases, forecasted CO2 emissions from ethylene production rose. This is the ﬁrst study
to project future ethylene supply to go beyond the price of feedstocks and include socio-economic
variables relevant to climate change mitigation and adaptation.
Keywords: ethylene supply; shale gas; non-energy uses of fossil fuels; socio-economic scenarios;
climate change

1. Introduction
The chemical ethylene (C2 H4 ) is the star in an unfolding drama of two deﬁning and contentious
megatrends inﬂuencing today’s energy landscape in the U.S. and globally. First, the increased supply of
shale gas due to unconventional hydraulic fracturing (fracking) in the United States. Second, the crisis
of global climate change compelling a transition to a low-carbon economy. These two megatrends
inﬂuencing ethylene supply in the U.S. are ﬂuid because they are complex, contested, and uncertain.
Therefore, this analysis developed medium- (2035) and long-term (2050) projections for the future U.S.
supply of ethylene using the Shared Socioeconomic Pathways (SSPs) scenario framework for future
climate change mitigation and adaptation and a range of natural gas prices. Additionally, this paper
estimates the CO2 equivalent emissions of greenhouse gas associated with future ethylene supply.
Ethylene is an important commodity in today’s global economy because it is widely produced
and used. It is used primarily to make plastics for the automotive, building, and packaging industries
around the world. It is the key ingredient in about half of all plastics [1]. Sixty percent of ethylene
produced worldwide is used to make polyethylene terephthalate (PET) [2]. Products for which ethylene
is the basic building block are common, including plastic sheeting, wire coatings, antifreeze, solvents,
golf balls, food packaging, and bottles. Most humans use ethylene every day.
Ethylene represents a class of materials that are made from fossil fuel feedstock. These materials
are ubiquitous in modern life, including chemicals, plastics, solvents, fertilizers, synthetic ﬁber, asphalt,
and lubricants. They are referred to as “non-energy” uses of fossil fuels. According to the U.S.
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Environmental Protection Agency (EPA), non-energy uses contribute 126 million metric tons CO2
equivalent (MMT CO2 eq.) or 2 percent of overall fossil fuel emissions [3]. U.S. ethylene production
in 2015 contributed 20 MMT of CO2 , which is 18 percent of the industrial non-energy use of fuel
category [3]. In 2015, the ethylene supply was 391.4 million barrels [4]. U.S. ethylene is produced at
about 40 factories in ﬁve states [5]. With only 40 factories responsible for 20 MMT of CO2 , the ethylene
industry is a large greenhouse gas emitter with signiﬁcant impact for its size.
The research and policy context of this analysis of future ethylene supply is described by three
dynamics. First, the U.S. is one of the top manufacturers of ethylene in a growing market [6]. Chemical
sales are growing worldwide, increasing by 2.2 times in value between 2005 and 2015 [7]. Second,
the recent advent of shale gas in the U.S. has redeﬁned the economics of ethylene manufacturing
globally. North American producers of ethylene have a price advantage due to the availability of
relatively low-cost natural gas-derived feedstocks [6,8]. The price of ethylene is heavily inﬂuenced by
the cost of its feedstock, which can be up to 60 percent of its market price [9]. Consequently, ethylene
production has shifted to lower-cost U.S. production due to ethane, propane, and butane, collectively
called “light” feedstocks, derived from shale gas production [10]. Fracking produces both natural
gas used for heating and electricity, and the ethane that is used primarily for ethylene production.
Investments in U.S. ethylene production with ethane feedstock are drawing investment from other
regions, such as Europe [11]. The increased availability of this low-cost light feedstock encouraged
U.S. producers to switch from naphtha and crude oil “heavy” feedstocks to light feedstocks from
natural gas. Third, the risks of global climate change and the need to reduce CO2 emissions due to
fossil fuel use worldwide are pressing concerns that require analysis of widely-used materials that
are currently produced from fossil fuels. The U.S. production of ethylene is completely dependent on
non-renewable fossil fuels [12]. The goal of replacing fossil fuel as the main feedstock for materials such
as ethylene is founded, not only on the need to reduce global output of carbon dioxide and greenhouse
gases [13], but the broader concept of sustainable consumption and production. The present case
study on ethylene in the U.S. is representative of and applicable to the discussion of decarbonization
of non-energy uses of fossil fuels, their future supply in the context of climate change and natural gas
industry developments. Research on the future U.S. ethylene supply in light of societal approaches to
climate change and sustainable consumption has national and global relevance for policymaking today.
Although the future supply of ethylene and similar materials is vital for business decisions,
policymaking, and estimating environmental impacts, there are few analyses of ethylene supply
in the literature. The 1978 article “Ethylene Economics and Production Forecasting in a Changing
Environment” is notable as a historical reference because it includes a detailed discussion of feedstock
trends at the time. The article documents the industry’s shift from natural gas in the 1960s to crude
oil and naphtha [14]. Now, because of shale gas, the industry is reverting back to natural gas. Recent
studies focus on competitiveness and market share of the U.S. ethylene industry without regard to
environmental impact. The present analysis takes a different approach to estimating future supply of
ethylene because the primary goal is not estimating competitiveness, but rather future supply and the
potential environmental impact measured as greenhouse gas equivalent CO2 .
The literature review identiﬁed the corpus of relevant peer-reviewed articles, which are described
as follows. This article contributes to a small group of studies that forecast basic chemicals and/or
ethylene supply for estimating environmental impacts, e.g., References [15–18]. Dornburg et al. created
future scenarios for petrochemical demand using production volumes from the year 2000 and applied
growth rates between 0% and 3% per year based on interviews with experts [15]. Broeren and Patel
forecasted the basic chemical industry by applying technology and policy scenarios to production
capacity estimates [16]. Herman and Patel projected annual greenhouse gas savings from ethylene
from technology improvements by 2030 but kept the supply of ethylene constant [17]. Ruth et al.
developed a scenario model with policy and technology assumptions with the age of production
facilities to include replacement of capital stocks [18]. Unlike the models mentioned, the present
analytical model is driven by new feedstocks and socioeconomic developments that embody climate
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change mitigation and adaptation narratives as described in Section 2 rather than technological and
speciﬁc policy change estimates.
The article also contributes to articles that examine the dynamics of ethylene markets including
feedstocks using similar econometric methods. The literature review identiﬁed only one directly
applicable paper, in which Masih et al. researched the drivers of ethylene price by modeling crude oil
price (WTI), a feedstock for ethylene, and ethylene prices in three regions using a vector error correction
model (VECM) [19]. They found no other study with a similar approach to oleﬁn price (ethylene
price) and crude oil prices. The present study also applied a VECM model and used crude oil price
(WTI). Similar to the present study, Masih et al. found that crude oil prices and ethylene prices were
co-integrated. However, the current paper is more in depth because it investigated the relationships
between more than two commodities and included more feedstocks than the previous contribution.
This paper presents a VECM of ethylene supply using historical data to project future scenarios
for ethylene. Additionally, this paper estimates the CO2 equivalent emissions of greenhouse gas
associated with future ethylene supply scenarios. The scenarios were derived from: (1) historical
data (1986–2014); (2) plausible socio-economic scenarios in response to climate change mitigation and
adaptation pathways; and (3) a range of gas feedstock prices. The results of the model for the years
2014, 2035, and 2050 are shown. The results show that ethylene supply increases in nearly all modeled
scenarios. Ethylene supply is projected to grow by 18 percent by 2035 and 28 percent by 2050 using
historical data. Only one of the scenarios resulted in ethylene supply reductions and corresponding
greenhouse gas reductions by 2050.
The paper proceeds as follows. Section 2 describes the materials and methods and details the
scenarios. Section 3 presents the empirical results. Section 4 interprets the results. Section 5 concludes
with policy implications and opportunities for future research.
2. Materials and Methods
The goal of this research was a scenario-based assessment of future climate change impacts of
ethylene manufacture in the U.S. accounting for variations in natural gas price. This section details the
model estimation, reviews the data, and describes the SSPs and how they were used innovatively to
create the scenarios. The model was built in three steps.

•

•

•

The ﬁrst step was to create a business-as-usual “base” model that projects future ethylene supply
from production and socio-economic data. This historical data describes the system of ethylene
supply in the U.S. without regard to climate change implications. This projection was used as
a baseline in this analysis. To do this, an econometric VECM of the U.S. ethylene supply was
developed with time series data (1986–2014). A VECM is an autoregressive model designed to
account for co-integration amongst the variables. See Model Estimation below.
The second step created the climate change relevant scenarios by applying the SSP socioeconomic
drivers in the VECM. The SSPs were recently developed by a consortium of climate change
researchers to “serve as a framework for systematic future research of climate change mitigation,
climate impacts and adaptation as well as broader sustainability issues aiming to integrate studies
from a great diversity of research ﬁelds” [20].
A third step built a range of natural gas prices into the model. Finally, the greenhouse gas
emissions of the quantities of ethylene supplied under each scenario were estimated.

Model Estimation—A multivariate autoregressive model rather than a multiple linear regression
model (MLR) was chosen for this time series analysis because it better reﬂects the complexity of
interactions amongst variables and to avoid two analytical limitations of MLRs. In contrast to an
MLR, an autoregressive model is able to model ongoing relationships between same-time variables in
the future, rather than only continuing historical trends, which is relevant in this case. Additionally,
an autoregressive model can show the effect of a one-time shock of each variable on ethylene supply,
which leads to better understanding of the system described as a whole. In the real world, ethylene
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supply is in ﬂux and long-term trends have recently changed. Therefore, an autoregressive model is
appropriate for gaining insight into the real system of ethylene supply mimicked by the model.
The preliminary analysis began with a vector auto regressive model (VAR). A VAR describes
relationships between all variables in concert at each period in a time series. This type of model does
not single out a dependent variable, but is a series of equations in which all variables interact, all are
endogenous, and every variable is forecasted in relation to the other variables. A VAR is a standard
time series modeling equation. This analysis used the statistical software (language and computing
environment) R [21] and the packages VARS and URCA to carry out the modeling [22,23]. The VAR’s
general form is:
Xt = ∏1 Xt−1 + . . . + ∏k Xt−k + μ + ΦDt+ εt , (t = 1, . . . , T)
Standard tests showed that the variables in this analysis were co-integrated, meaning that the
variables exhibited common stochastic trends, which means spurious regression is possible. A common
method for avoiding spurious regression in a multivariate time series is to transform a VAR into a
VECM. A VECM is a co-integrated vector autoregressive model that is statistically adjusted to eradicate
spurious regression [24]. The analysis applied the Engle–Granger two-step procedure for VECM model
building, whereby each variable was tested for stationarity (presence of a unit root), followed by VECM
estimation using the lagged residuals [25]. A VECM has the advantage that its linear equations express
the long-term relationships between variables. Furthermore, the error-correction term is the short-run
adjustment to the long run relationships (see Supplementary Materials). The VECM is written as
follows [23]:
ΔXt = Γ1 ΔXt−1 + . . . +Γk −1 ΔXt-k+1 + ∏X t−k + μ + ΦDt+ εt
if
and

Γi = −(I − ∏1 − . . . − ∏i ), (i = 1, . . . , k − 1),

∏ = −(I − ∏1 − . . .

− ∏k )

In step 1 of the Engle–Granger procedure, the augmented Dickey–Fuller unit-root tests and
the Philips–Peron unit-root tests for time series data indicated that several of the variables were
nonstationary. Various model runs were tested with the goal of determining the number of
co-integrating vectors [26,27]. The ﬁnal model was estimated using a lag (k) of 3 guided by the ﬁnal
prediction error (FPE) information criterion rather than the Akaike’s information criterion (AIC), or the
Bayesian information criterion (BIC). The goal of the model was to optimize projections by reducing
the mean square error (MSE), thus the FPE was most appropriate [24]. The second step applied the
Johansen maximum likelihood procedure to test for co-integration resulting in the co-integration rank
of 2 [23,28]. The resulting restricted VEC was converted to a level VAR for further structural analysis
of Granger causality, orthogonal impulse response functions (OIRF), and future projections of ethylene
supply as shown in the Results section.
The accuracy of the model was evaluated with an ex-post sample of actual data. The mean
absolute percentage error (MAPE) was calculated for ex-post forecast accuracy for the ethylene supply
variable. The predicted values for 24 periods, January 2015 through to December 2016, were compared
to actual data. The MAPE was 4.5 percent, which is an acceptable range of forecast accuracy for a
statistical model. Once the “base” VECM was made stable and reliable for forecasting, it was further
modiﬁed to implement the scenarios. Three variables were made exogenous in the outyears: Gross
Domestic Product (GDP)/Personal Consumption Expenditures (PCE), resident population, and gas
price. The next section describes the data and how the scenarios were structured.
Data—The historical dataset (1986–2014) included monthly data for seven variables from
several U.S. government agencies. The ﬁnal list of selected variables was chosen based on the
Granger-causation principle. Causal inference with the Granger causality tests determined which
variables would be useful for forecasting other variables and should be retained. The variables were
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U.S. ethylene quantities, feedstock prices, and socio-economic data. The data from the U.S. Energy
Information Administration (EIA) are as follows: (1) ethane/ethylene supply, which is a calculated
total for reﬁnery, blender, and gas plants in thousand barrels; (2) stocks of ethane/ethylene stock in
thousand barrels; (3) gas plant production of natural gas liquids and liquid reﬁnery gases supply in
thousand barrels; (4) crude oil (Cushing OK, WTI spot price dollars per barrel); and (5) industrial
natural gas for feedstock price (City Gate Price) in dollars per thousand cubic feet. The data was
downloaded from the EIA’s publicly available database, the “Total Energy Browser” (Available at
https://www.eia.gov/totalenergy/data/browser/). WTI spot price for crude oil was selected rather
than Europe Brent crude oil spot price assuming that ethylene producers would choose the lowest
cost feedstocks. According to EIA, WTI and Brent were almost equally priced throughout the study
period, with Brent marginally lower until 2011. Thereafter, “WTI crude oil has priced at a persistent
discount to Brent crude” [29]. WTI was the lowest cost crude oil option for producers in comparison
to Brent crude because of its lower spot price and lower transportation costs. Almost all ethane
is used for ethylene production in the U.S., so the EIA combines them into one category named
“ethane/ethylene”. The historical socio-economic variables were as follows: (6) GDP/PCE is personal
consumption expenditure on goods and is per capita in this analysis; and (7) resident population.
These were downloaded from the U.S. Bureau of Economic Analysis (BEA) and the U.S. Census Bureau,
respectively [30,31]. The PCE data was adjusted to 2009 dollars using BEA deﬂators [32]. All data in
the models are in log. These are U.S. ofﬁcial data sources and are considered high quality and accurate.
See Table 1 for summary statistics of the dataset. This data was used to develop the VECM and baseline
projections of ethylene supply in step one.
Climate Change Relevant Scenarios with SSPs—A description of the SSP framework is required
to understand the scenarios. The SSPs consist of ﬁve narratives that envision possible futures by the
degree of climate change adaptation and climate change mitigation challenges deﬁned as follows.
Also see Figure 1.

•

•

Socioeconomic challenges to mitigation—“(1) factors that tend to lead to high reference emissions
in the absence of climate policy because, all else equal, higher reference emissions makes that
mitigation task larger; and (2) factors that would tend to reduce the inherent mitigative capacity
of a society” [33].
Challenges to adaptation—“a function of the socioeconomic determinants of exposure to climate
change hazards, sensitivity to these hazards, and the adaptive capacity to deploy coping
measures” [33].

The second element of the SSP narratives is the quantiﬁed data for socio-economic drivers
(population, gross domestic product (GDP), and urbanization) that illustrate each of the scenarios for
each country. The future ethylene supply model uses three SSP narratives and their population and
GDP trajectories to deﬁne its scenarios. Urbanization is not included because there is no difference in
any SSP’s urbanization estimates for the U.S. [34]. The SSPs applied are as follows:

•
•

•

SSP1 “Sustainability”: low challenges to adaptation and mitigation (progress towards a sustainable
low carbon economy) [35];
SSP3 “Regional Rivalry”: high challenges to adaptation and mitigation (heavy fossil fuel use,
low global cooperation on environmental issues, low economic growth rates, and low investment
in education with high birth rates in some countries and low birth rates in the U.S.) [35]; and
SSP5 “Fossil-Fueled Development”: high challenges to mitigation and low challenges to
adaptation resulting in heavy fossil fuel use [35].
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Ethane/Ethylene Supply (Thousand Barrels)
Cushing, OK WTI Crude Oil Price (Dollars per Barrel)
Natural Gas Liquids Quantity (Thousand Barrels)
Ethane/Ethylene Stocks (Thousand Barrels)
GDP/PCE per Capita (in 2009 $U.S.)
Resident Population
Natural Gas Price (Dollars per Thousand Cubic Feet)

Variable
348
348
348
348
348
348
348

Obs
9.93
3.51
10.93
9.97
8.95
19.45
1.47

Mean
0.23
0.68
0.16
0.24
0.36
0.09
0.4

9.93
3.27
10.91
9.94
9.02
19.46
1.35

Median
9.93
3.48
10.91
9.96
8.97
19.45
1.44

Trimmed
Mean
0.23
0.62
0.11
0.23
0.43
0.11
0.44

Median Absolute
Deviation

Table 1. Summary Statistics.
Standard
Deviation
9.43
2.43
10.64
9.47
8.21
19.29
0.96

Minimum
10.46
4.9
11.48
10.62
9.5
19.58
2.52

Maximum
1.04
2.47
0.85
1.16
1.29
0.29
1.56

Range
0.06
0.47
1.33
0.52
−0.25
−0.19
0.55

Skewness

Standard
Error
0.01
0.04
0.01
0.01
0.02
0
0.02

Kurtosis

−0.66
−1.28
1.92
−0.21
−1.07
−1.23
−0.91
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“Middle-of-the-Road Development” (SSP2) and “Inequality” (SSP4) are not included in this
paper for several reasons. First, the author wanted to reﬂect a wide-range of scenarios. Second,
SSP2 “Middle-of-the-Road” is not needed because the base model herein is also a “business-as-usual”
scenario that models ongoing relationships found in the historical data speciﬁcally for ethylene supply.
Third, the SSPs reﬂect expert judgement regarding future pathways that assumes similar trends for
SSP1, SSP2, and SSP4 for several highly developed countries, including the U.S., because rates of
population growth and other trends are unlikely to change up to 2035. For example, SSP4 and SSP1
presume functioning international institutions working cooperatively and the integration of low carbon
technologies. These two factors already exist for highly developed countries, for example, the members
of the Group of Seven (G-7) and the Organization for Economic Cooperation and Development (OECD).
On the hand, the data for SSP1, SSP3, and SSP5 diverge in the U.S. case, resulting in a wider range of
scenarios in comparison to the base “business-as-usual case”.

Figure 1. SSP Scenarios from O’Neill et al. [35] (Reprinted with permission. Bold italics added to
ﬁgure). (a) Socioeconomic challenges for mitigation (b) Socioeconomic challenges for adaptation.

Modeling the Scenarios—As discussed above, the “base” VECM model of historical data
(1986–2014) projected a baseline for future ethylene supply through to 2050 without considering climate
change as the ﬁrst step of the analysis. Second, climate change-relevant scenarios were developed
using the SSPs as exogenous variables. Third, these were combined with natural gas scenarios (also
exogenous) to produce the nine-scenario matrix for 2015–2050 shown in Table 2. This section brieﬂy
explains how the scenario data was developed.
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Table 2. Overview of Future Ethylene Supply Scenarios 2015–2050.
Natural Gas Feedstock Price Scenarios

SSP Scenarios

SSP1 Sustainability EIA
Ref. Gas Price

SSP1 Sustainability Low
Gas Price

SSP1 Sustainability High
Gas Price

SSP3 Regional Rivalry
EIA Ref. Gas Price

SSP3 Regional Rivalry
Low Gas Price

SSP3 Regional Rivalry
High Gas Price

SSP5 Fossil-Fueled Dev.
EIA Ref. Gas Price

SSP5 Fossil-Fueled Dev.
Low Gas Price

SSP5 Fossil-Fueled Dev.
High Gas Price

The time series projections of the U.S. socioeconomic drivers were downloaded from the SSP
Scenario Database—Version 1.1, which may be found at the website https://secure.iiasa.ac.at/webapps/ene/SspDb/dsd?Action=htmlpage&page=about. GDP and population data were in ﬁve-year
increments. A monthly data set was created using the cubic splines method in R [21]. The population
estimates were derived from “fertility, mortality, migration and educational transitions” [36]. The SSP
GDP estimates were “based on a convergence process and places emphasis on the key drivers of
economic growth in the long run: population, total factor productivity, physical capital, employment
and human capital, and energy and fossil fuel resources (speciﬁcally oil and gas)” [37]. The growth rate
of GDP from the SSPs was applied to GDP/PCE to capture the consumption of ethylene in products
as GDP/PCE excludes services. “The measurement of GDP captures the value of products that are
consumed and not used in a later stage of production, those that are sold, given away, or otherwise
transferred to foreign residents, those that are used to produce other goods and that last more than
a year, and those that may be inventoried for future consumption” [38]. To justify this technique,
a strong positive correlation between the percentage change in PCE and the percentage change in GDP
over the research period 1986–2014 was shown. The Pearson product-moment correlation coefﬁcient
is 0.522 [r(115) = 0.52, p = 0.05]. Each SSP’s growth rates for the period 2015–2050 were used for
GDP/PCE and population.
The natural gas feedstock price scenario data was developed from the EIA Annual Energy Outlook
2014 data [8], which contains historical data and projections for natural gas price by sector. The author
used the reference case data in “6. Industrial Sector Key Indicators and Consumption,” “Natural Gas
Feedstock” (nominal dollars per million Btu) [8]. The EIA reference case projection, which includes
existing regulations and policies to 2040 was extended to 2050. A low gas price case that was 10 percent
below the reference case and a high gas price case that was 10 percent above the reference case were
developed. The average annual change in natural gas price during the sample period was 7 percent.
This reﬂects the range of uncertainties inherent in estimating future industry conditions that lead
to natural gas price change. Price changes can be driven by policy change, technological change,
and other factors. The range was commensurate with the wide range of estimates for future gas price
developed by modelers [39].
In summary, the future ethylene supply model design is innovative in three ways. First, the SSPs
are often used in highly complex integrated assessment models (IAM) that are global in scope for
the entire world economy or macro-level sectors [40]. This future ethylene supply model is at a ﬁner
analytical level as it focuses on one commodity and uses SSP data for one country. Second, the research
applies GDP/PCE rather than GDP to exclude services and focus on the consumption of materials,
which is also unusual for an SSP analysis. Third, it is a novel approach because it is a straightforward
exploratory econometric model using R, an open-source software environment for statistical analysis,
instead of a proprietary IAM. This is the ﬁrst study to project future ethylene supply to go beyond
the price of feedstocks to include socio-economic variables relevant to climate change mitigation and
adaptation. All data is available upon request from the author.
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3. Results
The objectives of the analysis were to shed light on the relationships between the selected variables
using the “base” VECM to ﬁnd the direction (increasing or decreasing) and long- and short-run
behaviors of the variables (Section 3.1). The VECM was used to ﬁnd the volume of ethylene supplied
in each scenario in 2035 and 2050 (Section 3.2). In addition, the volume of greenhouse gasses associated
with ethylene production in 2035 and 2050 were calculated using 2015 emissions ratios, which reﬂected
the shift from heavy to light feedstocks (Section 3.3). This section describes these results.
3.1. Relationships between Variables
The “base” VECM was used to better understand the interrelationships between variables.
Three methods were used. The deterministic coefﬁcients measure the contribution of each variable
in predicting ethylene supply (see Table 3). For details on the model please view Supplementary
Materials. The orthogonal impulse response functions (OIRFs) show the effect of a one-time shock
of each variable on ethylene supply. In addition, the forecast error variance decomposition (FEVD)
compares how much of the variance is due to shocks to the other variables.
The OIRF results suggest that several variables have long-term effects (greater than ten periods)
on ethylene supply. The OIRF was calculated using the Wold moving average for a VAR (p)-process.
Notably, gas price and Natural Gas Liquid (NGL) quantity are in line with the theoretical ethylene
supply models used by some industry analyses [16,41]. These variables behaved as expected,
causing long-term, non-transitory changes to ethylene supply. The results show that the impact
of natural gas price is negative, meaning that as natural gas price goes up, ethylene supply decreases.
This is in-keeping with real-world conditions because light feeds (ethane, propane, and butane) are
co-produced with shale gas. The variable NGL quantity is a proxy measure for shale gas quantity
in the market. As shown in Figure 2a, an innovation in NGL has a lasting negative effect on gas
price and crude oil price. Last, ethylene supply responds positively to ethylene supply, as this is an
autoregressive model. These results reﬂect expectations; however, some results were surprising.
The relationship between crude oil price and ethylene supply was surprising. Although natural
gas is an important and growing ethylene feedstock, crude oil price exerts a signiﬁcantly stronger
inﬂuence on ethylene supply. This ﬁnding may be explained by the fact that heavier feedstocks such as
crude oil and naphtha remain dominant outside the U.S. and ethylene-derived products are globally
traded; therefore, the economics of global ethylene supply are contingent on crude oil price. The global
market gives U.S. ethylene manufacturing an advantage in its production cost compared to other
countries because of the low price of U.S. ethane feedstock derived from recently exploited shale
gas [12].
Another interesting result of the OIRF is that an innovation in GDP/PCE has a slight long-term
inﬂuence on ethylene supply in the model, whereas population has a long-term, robust, and positive
impact. These are two of the variables that are made exogenous to represent the SSPs. The OIRF from
GDP/PCE is shown in Figure 2b. The OIRF from the population is shown in Figure 2c. The relative
forecast error variance decomposition (FEVD) of these two variables is shown in Figure 3. The FEVD
is related to the OIRF. It provides the contribution of each variable to the forecast error variance.
The contribution of population and crude oil price to the forecast error variance of ethylene supply
increases over time, but GDP/PCE does not. This result raised the question: “Is the level of U.S.
GDP/PCE per capita leveling off?” The answer is yes. The average share of PCE on goods of
GDP over the sample period, 1986 to 2014, is 23.8 percent. This percentage has varied little since
1986 (−0.7% to +0.7%). There is recent literature investigating downward consumption trends in
wealthy countries [42,43]. The trends that have driven ethylene consumption have levelled off in
the U.S. because it is a mature and wealthy market, but this may not be the case for other countries,
which consume products derived from U.S. ethylene.
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Table 3. Matrix of Deterministic Coefﬁcients for the Base VECM.
Variables with Signiﬁcance Codes

Constant

Ethane/Ethylene Supply (Thousand Barrels)
Cushing, OK WTI Crude Oil Price (Dollars per Barrel)
Natural Gas Liquids Quantity (Thousand Barrels) ***
Ethane/Ethylene Stocks (Thousand Barrels) ***
GDP/PCE per Capita (in 2009 $U.S.) *
Resident Population ***
Natural Gas Price (Dollars per Thousand Cubic Feet)
-OLS regression of the unrestricted VECM (lags 1–3)

−23.6
5.53
−1.65
14.00
1.36
0.02
2.50

Signiﬁcance codes: 0 ‘***’ 0.001 ‘**’ 0.01 ‘*’ 0.05 ‘.’ 0.1 ‘ ’.

(a)

(b)

(c)
Figure 2. (a) OIRF for natural gas liquids, (b) OIRF for GDP/PCE, and (c) OIRF for population.
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Figure 3. Forecast Error Variance Decomposition.

3.2. The Future of Ethylene Supply
This section presents the modeled volumes of ethylene for 2035 and 2050 (see Table 4).
The projections were made using a conﬁdence interval of 0.95. The scenarios are represented graphically
in Figure 4. For example, Table 4 shows that in 2035, SSP3 with a high gas price reduced supply by
10 percent. Alternatively, SSP3 with low gas price, increased supply by 2 percent. The SSP3 long-term
results in 2050 showed reductions between 26 and 37 percent, irrespective of gas price. These dynamic
estimates answer the question: “What is the future U.S. supply of ethylene considering new shale gas
exploitation and socio-economic development pathways?”
Table 4. Model Results for Future Ethylene Supply (thousand barrels per year).
Years and % Change
2014 (actual)
2035 (projection)
2050 (projection)
% Change from 2014–2035
% Change from 2014–2050
% Change from Base 2035
% Change from Base 2050
Years and % Change
2014 (actual)
2035 (projection)
2050 (projection)
% Change from 2014–2035
% Change from 2014–2050
% Change from Base 2035
% Change from Base 2050
Years and % Change
2014 (actual)
2035 (projection)
2050 (projection)
% Change from 2014–2035
% Change from 2014–2050
% Change from Base 2035
% Change from Base 2050

“Base”
VECM

SSP1 Sustainability
EIA Ref. Gas Price

SSP1 Sustainability
Low Gas Price

SSP1 Sustainability
High Gas Price

375,309
441,771
481,183
18%
28%

375,309
633,244
716,908
69%
91%
43%
49%

375,309
655,684
752,334
75%
100%
48%
56%

375,309
579,193
633,876
54%
69%
31%
32%

“Base”
VECM

SSP3 Regional Rivalry
EIA Ref. Gas Price

SSP3 Regional Rivalry
Low Gas Price

SSP3 Regional Rivalry
High Gas Price

375,309
441,771
481,183
18%
28%

375,309
435,267
340,796
16%
−9%
−1%
−29%

375,309
450,691
357,636
20%
−5%
2%
−26%

375,309
398,117
301,327
6%
−20%
−10%
−37%

“Base”
VECM

SSP5 Fossil-Fueled Dev.
EIA Ref. Gas Price

SSP5 Fossil-Fueled
Dev. Low Gas Price

SSP5 Fossil-Fueled
Dev. High Gas Price

375,309
441,771
481,183
18%
28%

375,309
830,595
1,212,416
121%
223%
88%
152%

375,309
860,029
1,272,330
129%
239%
95%
164%

375,309
759,698
1,071,991
102%
186%
72%
123%
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Figure 4. Business-as-usual “base” VECM (in red) compared to nine scenarios in 2035.

3.3. The Future of Climate Impacts from Ethylene Supply
What are the climate change impacts of the future U.S. ethylene supply? U.S. ethylene production in
2015 contributed 20.1 MMT of CO2 , which is 16 percent of the non-energy use of the fossil fuel category [3].
The greenhouse gas impact of ethylene production in 2015 is equivalent to driving 4,304,069 passenger
cars for one year and sequestering that amount of CO2 would require 520,914,498 saplings to grow for ten
years [44]. Of available estimates, the EPA’s “Inventory of U.S. Greenhouse Gases and Sinks: 1990–2015”
estimate was chosen for this analysis (0.78 metric tons of CO2 per metric ton of ethylene) [3]. This ratio,
developed from 2010–2015 production data, reﬂects recent feedstock trends and is from a reliable
source. The analysis assumes that the CO2 to ethylene ratio applies in the short term (2035) and long
term (2050). This means that no lower CO2 emitting options have come online and that the general
feedstock mix of majority ethane from shale gas is unchanged in the short and long term. As discussed
in Section 2, the SSPs imply futures that are more or less amenable to climate change mitigation and
adaptation policies in general. The range of gas prices used in the analysis reﬂects the uncertainties in
the ﬁeld including climate change policies that would affect natural gas price. The results show that
these factors affect projections of CO2 emissions associated with ethylene. For example, the SSP3 with
low gas price scenario was −5% lower in the long-term (2050) when compared to 2014 CO2 emissions.
The SSP3 high gas price scenario CO2 emissions was (−19%) lower than in 2014.
4. Discussion
Overall, the U.S. ethylene supply grew considerably over the medium and long term in
most scenarios. Ethylene supply increased by 18 percent in 2035 and 28 percent in 2050 in the
business-as-usual case. Only the SSP3 “Regional Rivalry” showed signiﬁcant reductions in ethylene
supply in the long term with a −5% to −20% change from 2014 actual, and −26% to −37% change from
the business-as-usual estimate. SSP3 presumes a fragmented global economy with less international
trade. The pathway indicated for the U.S. is low GDP growth and low population growth. As seen in
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the OIRF and FEVD results, ethylene supply is more sensitive to population rather than GDP/PCE.
Therefore, SSP3’s sharp downturn in population over time contributes to the downturn in ethylene
supply. A combination of all three exogenous variables—lower consumption, lower population,
and higher prices—was needed to slow and reduce ethylene supply.
The upward trend in most scenarios means that ethylene’s growth was largely inelastic and
reﬂects its integral role in modern consumption. Notably, consumption per capita alone was not a
substantial driver in the U.S. case. Ethylene increased, not because of the consumption of goods per
capita, but because of increased population. Population was a more important lever than consumption.
This may be based on the overall maturity/saturation of the U.S. market, leading to a ﬂat consumption
per capita trend. Additionally, the inﬂexibility of ethylene supply in response to consumption drivers
suggests a lack of sufﬁcient alternative products and path dependency. It can be inferred that a country
with rapidly rising personal consumption per capita would have a higher rate of ethylene supply
growth than the U.S. and China for example. Consequently, country-level consumption trends, rather
than global or regional trends, are pertinent for analyzing ethylene and non-energy uses of fossil fuels.
The results also emphasize the importance of country-level feedstock trends.
The results indicated that the availability of shale gas in the U.S. and low-priced feedstocks from
natural gas relative to crude oil were key factors inﬂuencing ethylene supply. Unexpectedly, crude oil
price exerted a stronger inﬂuence on the U.S. ethylene supply than natural gas price. Therefore, future
research is needed on the price dynamics of competing feedstocks in the U.S. ethylene market and
emphasis is placed on the importance of analysis at regional and global levels to better understand
future changes in ethylene supply.
In general, the scenario results were in line with the SSP narratives; however, there were some
unexpected results. Surprisingly, all SSP1 scenarios, “Sustainability—Taking the Green Road,” resulted
in increasing supply by at least 54 percent. This outcome was unexpected because the narrative and
quantiﬁcation of SSP1 included lower consumption. “Consumption is oriented toward low material
growth and lower resource and energy intensity” [35]. The SSP5 “Fossil-Fueled Development” scenario
of high challenges to climate change mitigation and low challenges to adaptation resulted in the highest
levels of ethylene supply. The SSP5 low gas price scenario projects 121% growth over 2014 by 2035
and 223% by 2050. This outcome was expected because, in SSP5, policy would encourage rather than
curtail fossil fuel use [33]. The starkest differences in outcome were between SSP3 and SSP5 at all gas
prices, which reﬂects the SSP narratives and range of natural gas prices.
This scenario analysis with econometric modeling created a new method for using the SSPs.
It showed that it is possible to use the SSPs to create scenarios without an intricate IAM model.
This method is not argued to be more robust than an IAM, which is by deﬁnition complex. It is a
statistically valid alternative. Additionally, the SSPs may be down-sized to successfully study one
commodity in one country. These are two positive outcomes for researchers that need credible vetted
climate change-relevant scenarios, but do not have the ability to convene multidisciplinary teams of
experts and/or access to large-scale IAMs.
The future ethylene supply model has some limitations and criticisms. For one, it does not
distinguish the effects of discrete policies. Second, the macro-level assumptions on social and
technological change in the SSP narratives are not precise enough to capture effects on ethylene
supply. Third, the Lucas critique states that the impact of future policies on a phenomenon cannot be
econometrically modeled from historical data, which is an overarching criticism of all econometric
forecasting [45] and IAMs. To address these criticisms, the author notes that modeling short- and
long-run relationships is informative for decision making, but not infallible. In the SSP framework,
technological change is included in the GDP estimates and is modeled as a consequence of the total
factor productivity frontier growth, convergence speed, and openness [37]. Certainly, technological
change is also driven by policy. Underlying policy and institutional approaches are implicit in the SSP
data and in the range of natural gas price data. Future research can apply explicit policies to this case
using the output of this analysis.
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Although explicit technology and explicit policy scenario data were not included in the model
during the phase of the research represented in this paper, these are important variables for future
research. For example, technological advances could be captured by data on the availability and price
of new biomass-based feedstocks for ethylene, e.g., ethanol, and policy measures that would promote
them. Public engagement campaigns and regulations lowering consumption of plastic products that
contain ethylene may also impact ethylene supply in future. Also, governmental climate policies
that limit fossil fuel use and carbon emissions by increasing or decreasing subsidies and imposing
or reducing taxes could impact ethylene supply. These variables will be evaluated in future uses of
the model.
The new method for using the SSPs also points to a need for further development of the SSP
framework. The SSP1 results did not project a lower consumption pathway as expected based on
the SSP 1 narrative. A pathway is needed that embodies socio-technical transition to a low-carbon,
low-consumption sustainable economy that represents deep decarbonization and de-growth concepts
in its narrative and quantiﬁcation of drivers for population, GDP, urbanization, etc. The SSP framework,
in particular SSP1, may not be progressive enough to develop scenarios that reduce consumption,
which is the key to sustainability policies.
5. Conclusions
In summary, the results showed that ethylene is a signiﬁcant and rising source of CO2 emissions
and it is difﬁcult to reverse this trend. These results have broad policy implications because ethylene
is indicative of non-energy uses of fossil fuels in general. Given that global climate change concerns
compel a transition to a low-carbon economy with less reliance on fossil fuels, there are three policy
implications of these ﬁndings:

•
•
•

Lifecycle perspectives are needed to inspire alternative low-carbon feedstocks for ethylene and
its uses.
Policies that target reducing the consumption of ethylene-based products, such as plastics,
are needed.
Better recovery and reuse of ethylene-based products is needed with the aim of
reducing consumption.

This is the ﬁrst study to project future ethylene supply to go beyond the price of feedstocks and
include socio-economic variables relevant to climate change mitigation and adaptation. The scenario
projections may be used in future research on transition to low-carbon production of important
petrochemicals such as ethylene. These projections are needed to estimate environmental beneﬁts and
economic impacts. In addition, the scenario analysis with econometric modeling methods applied in
this paper can be applied to other important commodities derived from fossil fuels, such as fertilizers.
In addition, the method may be applied to other countries or regions. The research ﬁndings and
methods are relevant to the community of scientists, manufacturers, and policymakers that are
concerned about the future availability of industrial chemicals, the impact of various feedstocks on
supply, and speeding up the transition to a low carbon economy.
Supplementary Materials: The following are available online at http://www.mdpi.com/1996-1073/11/11/2967/
s1.
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Abstract: Presently, Thailand runs various sustainable development-based policies to boost the
growth in economy, society, and environment. In this study, the economic and social growth was
found to continuously increase and negatively deteriorate the environment at the same time due to a
more massive ﬁnal energy consumption in the petroleum industries sector than any other sectors.
Therefore, it is necessary to establish national planning and it requires an effective forecasting model
to support Thailand’s policy-making. This study aimed to construct a forecasting model for a ﬁnal
energy consumption prediction in Thailand’s petroleum industry sector for a longer-term (2018–2037)
at a maximum efﬁciency from a certain class of methods. The Long Term-Autoregressive Integrated
Moving Average with Exogeneous variables and Error Correction Mechanism model (LT-ARIMAXS
model) (p, d, q, Xi, ECT(t−1) ) was adapted from the autoregressive and moving average model
incorporating inﬂuential variables together in both long-term relationships to produce the best model
for prediction performance. All relevant variables in the model are stationary at Level I(0) or Level
I(1). In terms of the extraneous variables, they consist of per capita GDP, population growth, oil price,
energy intensity, urbanization rate, industrial structure, and net exports. The study found that the
variables used are the causal factors and stationary at the ﬁrst difference as well as co-integrated.
With such features, it reﬂects that the variables are inﬂuential over the ﬁnal energy consumption.
The LT-ARIMAXS model (2,1,2) determined a proper period (t − i) through a white noise process with
the Q test statistical method. It shows that the LT-ARIMAXS model (2,1,2) does not generate the issues
of heteroskedasticity, multicollinearity, and autocorrelation. The performance of LT-ARIMAXS model
(2,1,2) was tested based on the mean absolute percentage error (MAPE) and the root mean square
error (RMSE). The LT-ARIMAXS model (2,1,2) can predict the ﬁnal energy consumption based on the
Sustainable Development Plan for the 20 years from 2018 to 2037. The results showed that the ﬁnal
energy consumption continues to increase steadily by 121,461 ktoe in 2037. Furthermore, the ﬁndings
present that the growth rate (2037/2017) increases by 109.8%, which is not in line with Thailand’s
reduction policy. In this study, the MAPE was valued at 0.97% and RMSE was valued at 2.12% when
compared to the other old models. Therefore, the LT-ARIMAXS model (2,1,2) can be useful and
appropriate for policy-making to achieve sustainability.
Keywords: long-term; ﬁnal energy consumption; LT-ARIMAXS model; sustainable development;
economic growth and the environment; error correction mechanism model
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1. Introduction
Thailand has continuously put efforts into accelerating the economic development of the country
by focusing on widening urbanization. In parallel, the government is trying its best to encourage
both domestic and international private investment. This is to ensure that the industrial structure is
broadened. At the same time, Thailand is also focusing on export activities where Thailand is to be
a production base, so that Thailand’s market share will continue to expand. Additionally, there are
also policies designed to increase spending, attract more foreign tourists and increase the minimum
wage rate, resulting in the increments of both local and foreign labors. Therefore, these policies
have supported the Thai economy to grow with a 4.3% growth rate in 2016/2017 [1], and a 2.5%
population growth rate (2016/2017) [2]. However, the economic and population growth in Thailand has
continuously caused the environment to deteriorate. In 2017, CO2 emissions from energy consumption
increased by 1.3% when compared to 2016 [3]. These CO2 emissions are highly contributed by the
petroleum industries sector, accounting for 50.1% of the ﬁnal energy consumption (2017). In fact,
the ﬁnal energy consumption has resulted in continuous economic growth, and that growth has also
been affected by inﬂation due to the constant increase of world oil prices [1,3]. In addition, 89% of
carbon dioxide is released by the energy sector with a growth rate of 10.3% (2016/2017). The petroleum
industries sector produces more CO2 due to its maximal power consumption. This reﬂects the fact
that the above sector releases the most greenhouse gas. Emissions are expressed in the form of CO2
(with the highest emissions) as well as other gases including methane (CH4 ), nitrous oxide (N2 O),
hydroﬂuorocarbons (HFC), perﬂuorocarbons (PFC), sulfur hexaﬂuoride (SF6 ), and nitrogen triﬂuoride
(NF3 ) [4,5].
The sustainable development policy is the future policy that Thailand aims to achieve. The focus
of the policy covers three main areas: economic growth, social growth, and environmental growth.
The policy is achieved when those three areas are simultaneously developed. For Thailand,
both short-term (ﬁve years) and long-term (20 years) plans have been set [1]. Nonetheless,
the implementation of Thailand’s sustainable development policy results in growth in both the
economy and population. This also affects the increment of energy consumption. Thus, Thailand has
set a long-term reduction goal of 20 years (2018–2037) in the ﬁnal energy consumption based on the
petroleum industries sector not exceeding 90,000 ktoe [3]. This is because the petroleum industries
sector accounts for highest energy consumption (50.1%) and produces most of the greenhouse gases [5].
Therefore, the most important tool in effective policy planning for sustainability is to forecast the future
possibility [3,5].
However, the best forecasting model on energy consumption must also be able to support
sustainable development policy planning. From the various relevant studies that have been reviewed,
there are different models and forecasting techniques optimized for different forecasting timelines, be it
short-term or long-term. Therefore, it is necessary to examine what has been done in this area to increase
the quality of the proposed model. In fact, there have been few stream studies exploring total energy
consumption. For instance, Zhao, Zhao, and Guo [6] started to estimate the electricity consumption of
Inner Mongolia by deploying gray model (GM(1,1) model) optimized by moth-ﬂame optimization
(MFO) with a rolling mechanism from 2010 to 2014. Their study indicated which model could improve
the forecasting performance of annual electricity consumption signiﬁcantly. Li and Li [7] also initiated
a comparative study by using the autoregressive integrated moving average model (ARIMA model),
GM(1,1) model, and ARIMA–GM model to forecast energy consumption in Shandong, China from
2016 to 2020. Their prediction results showed that the energy demand of Shandong Province between
those years would increase at an average annual rate of 3.9%. Similarly, Xiong, Dang, Yao and
Wang [8] proposed a novel GM(1,1) model based on optimizing the initial condition in accordance
with the new information priority principle to predict China’s energy consumption and production
from 2013 to 2017. The study produced ﬁndings indicating that China’s energy consumption and
production will keep increasing, as will the gap between them. Furthermore, Panklib, Prakasvudhisarn,
and Khummongkol [9] attempted to forecast electricity consumption in Thailand by using an artiﬁcial
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neural network and multiple linear regression model (MLR model) for the years 2010, 2015, and 2020.
Their estimation revealed that the electricity consumption of Thailand in 2010, 2015, and 2020, retrieved
from the regression, would reach 160,136, 188,552, and 216,986 GWh, respectively, whereas 155,917,
174,394, and 188,137 GWh were the results obtained from the artiﬁcial neural network model (ANN
model). Additionally, an ANN integrated with genetic algorithm was also presented by Azadeh,
Ghaderi, Tarverdian, and Saberi [10] to estimate the electricity consumption in the Iranian agriculture
sector in 2008. They observed that the integrated genetic algorithm (GA) and ANN model dominated
the time series approach, yielding less mean absolute percentage error.
By incorporating values of socio-economic indicators and climatic conditions, Günay [11] modeled
artiﬁcial neural networks with the use of predicted values of socio-economic indicators and climatic
conditions to predict the annual gross electricity demand of Turkey in 2028, which produced a result
where the demand would double, accounting for 460 TW in 2028, when compared to the years 2007 to
2013. Dai, Niu and Li [12] explored energy consumption forecasting in China from 2018 until 2022
by adopting a model of ensemble empirical mode decomposition and least squares support vector
machine with the technology of the improved shufﬂed frog leaping algorithm. Their results showed
China’s energy consumption to have a signiﬁcant growth trend. Based on Wang and Li [13], they tried
to ﬁnd whether China’s coal consumption during 2016 to 2020 would be higher or lower than the level
of 2014. Here, they optimized a time series model with a comprehensive analysis of data reliability.
According to the analysis, it indicated that the annual Chinese coal consumption during 2016–2020
would be lower than the level of 2014 provided the annual average GDP growth rate was less than
8.2% per year. Suganthi and Samuel [14] developed econometric models to study the inﬂuence of
the socioeconomic variables on energy consumption in India from 2030 to 2031 and found that the
electricity demand depended on the Gross National Product (GNP) and electricity price, and the total
energy requirement was found to be 22.944 × 1015 kJ.
In addition, Xu et al. [15] analyzed the change of energy consumption and CO2 emissions in
China’s cement industry and its driving factors over the period between 1990 to 2009 by applying
a log-mean Divisia index (LMDI) method. With such analysis, the study reveals that, by applying
the best available technology, an additional energy saving potential of 26% and a CO2 mitigation
potential of 33% can be gained when compared with 2009. Kishita, Yamaguchi, and Umeda [16]
tried to analyze electricity consumption in the telecommunications industry in 2030 by deploying
an electricity demand model for the telecommunications industry (EDMoTI). The prediction results
pointed out that electricity consumption in 2030 would be 0.7–1.6 times larger than the level of 2012
(10.7 TWh per year). For a shorter time of prediction, Zhao, Wang and Lu [17] conducted a study to
forecast the monthly electricity consumption in China by proposing a time-varying-weight combining
method: the High-order Markov chain based time-varying weighted average (HM–TWA) method.
Their forecasting performance evaluation showed that the HM–TWA produced a better outcome for
the component models and traditional combining methods.
Nonetheless, several studies have examined the total energy demands and its consumption for a
longer term of forecasting. For instance, Hamzacebi and Es [18] implemented optimized grey modeling
to forecast the total electric energy demand of Turkey from 2013 to 2025. Their prediction reﬂected that
the direct forecasting approach resulted in better predictions than the iterative forecasting approach
in estimating the electricity consumption in Turkey. An Improved Gray Forecast Model was also
drawn by Mu et al. [19] to predict CO2 emissions, energy consumption, and economic growth in China
from 2011 and 2020 by using an improved grey model. Based on their prediction results, China’s
compound annual emissions, energy consumption, and real GDP growth for the predicted years was
found to be 4.47–0.06% and 6.67%, respectively. Furthermore, Zeng, Zhou, and Zhang [20] proposed a
Homologous Grey Prediction Model to predict the energy consumption of China’s manufacturing from
2018 to 2024 where their study revealed that the total energy consumption in China’s manufacturing
was slowing down, however, the amount was still too large. Additionally, Jiang, Yang and Li [21]
adapted a metabolic grey model (MGM), ARIMA model, MGM–ARIMA model, and back propagation
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neural network (BP) to forecast energy demand from 2017 to 2030. From their estimation, it showed
that India’s energy consumption would increase by 4.75% a year in the next 14 years at a 5% growth
rate. By using the same, but improved, forecasting model, Ediger and Akar [22] analyzed the primary
energy demand by fuel in Turkey from 2005 to 2020 using the ARIMA model and seasonal ARIMA
(SARIMA) methods to estimate the above demand, and showed that the average annual growth rates
of individual energy sources and total primary energy would decrease in all cases, except wood,
and the animal–plant went negative.
Furthermore, Ekonomou [23] developed an artiﬁcial neural network to estimate the Greek
long-term energy consumption from 2005 to 2008, 2010, 2012, and 2015. Overall, the study
has constituted an accurate tool for the forecasting problem in Greek long-term energy
consumption. In addition, Ardakani and Ardehali [24] utilized an IPSO (improved particle swarm
optimization)–ANN model to forecast EEC (electrical energy consumption) for Iran and the U.S.
from 2010 to 2030, which resulted in the mean absolute percentage error of 1.94% and 1.51% for Iran
and the U.S., respectively. In the context of Thailand, a study of characteristics and factors towards
energy consumption was conducted by Supasa et al. [25], who explored ﬁve household group energy
consumption characteristics and seven driving forces of growth in residential energy consumption
from 2000 to 2010 by applying the energy input–output method. Their calculations indicated that
about 70% of total residential energy consumption was indirect energy consumption from consuming
products and services. Seung et al. [26] predicted the future electricity demand for cooling in the
building sectors in Singapore from 2014 to 2030 by applying a MLR model. Their study revealed
that the electricity demands accounted for 31 ± 2% of the total electricity consumption in Singapore.
Additionally, Wang et al. [27] attempted to estimate the total industrial energy consumption and
energy-related carbon emissions in Tianjin from 2003 to 2012 by using an energy decomposition
analysis. From their evaluation, energy efﬁciency could be enhanced by energy-saving efforts and the
optimization of the industrial structure.
In fact, Zou, Liu, and Tang [28] analyzed the factors that contributed towards the changes in energy
consumption in Tangshan city from 2007 to 2012 by applying the logarithmic mean Divisia index.
Their ﬁndings showed that the technical effect played a vital role in reducing energy consumption
in most sectors. Another investigation of the impacts of urban land use on energy consumption in
China from 2000 to 2010 was undertaken by Zhao, Thinh, and Li [29]. They used a panel data analysis
with nighttime light (NTL) data estimation. Their study on sigh has shown that an increase in the
irregularity of urban land forms and the expansion of urban land will accelerate energy consumption,
which indicates the relationship between urban growth and energy consumption. Similarly, Tian, Xiong,
and Ma [30] evaluated the potential impacts of China’s industrial structure on energy consumption
by deploying a fuzzy multi-objective optimization model based on the input–output model from
2015 to 2020. From their analysis, they concluded that the industrial structure adjustment had great
potential in energy conservation, and such an adjustment could save energy by 19% (1129.17 Mtce) at
the average annual growth rate of 7% GDP. Ayvaz and Kusakci [31] employed a nonhomogeneous
discrete grey model (NDGM) to forecast electricity consumption from 2014 to 2030. In their ﬁndings,
they proved that the grey model proposed produced a better forecasting performance.
Previous studies have used varied methodologies and analyses, while the forecasting timeline
includes short-term (1–5 years), mid-term (6–10 years), and long-term (11–20 years). From this point of
view, only few studies have been conducted for long-term forecasting, accounting for about 28% out of
the reviewed research. Moreover, the long-term forecasting studies are very limited, and that limitation
may result in lower quality when compared to short-term and mid-term studies. From the study of
related research on prediction models, we have found some shortcomings in long-term forecasting
including a lack of true variable selection for a causality based on context and study interest, a lack of
co-integration test and the error correction mechanism test, and a lack of a spurious test. In addition,
those models did not identify the problems of heteroskedasticity, multicollinearity, and autocorrelation.
In the context of Thailand, in the past, most energy consumption forecasting models used were of
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those models adapted from traditional approaches such as the Ordinary Least Square (OLS) model,
the Autoregressive Moving Average (ARMA) model, the ARIMA model, and the ANN model. In fact,
the above models were for forecasting with potentially high errors. They did not consider the causal
variables in the real context of Thailand. Therefore, the inﬂuence of the factors towards dependent
variables were unknown. When the output was used in national policy-making, this would negatively
affect the country at large. However, the models are for short-term forecasting [5]. These models
cannot be used for national long-term policy-making. As a result, the country has failed to head in the
right direction for achieving the reduction goal and sustainable development.
Hence, we considered the above gap as an important issue that has to be addressed.
Simultaneously, we developed a forecasting model for ﬁnal energy consumption by adapting various
theoretical concepts, conceptual frameworks, research, variable selection, and the implementation
of the heteroskedasticity test, multicollinearity test, and autocorrelation for spurious check.
Additionally, the co-integration model was optimized by incorporating an error correction mechanism
test to differentiate this model from the other existing models. This newly developed model comes
under the name of the Long Term-Autoregressive Integrated Moving Average with Exogeneous
variables and Error Correction Mechanism model (LT-ARIMAXS model). However, we developed the
LT-ARIMAXS model to differentiate from other models and to ﬁll the recent gap existing in old models
that was found in the research review. The existing models include the MLR model, ANN model, BP
model, GM(1,1) model, ARMA model, and ARIMA model, among others. The LT-ARIMAXS model is
a forecasting model that aims to create an effectiveness in long-term forecasting to support long-term
policy planning. Hence, the ﬁndings of this study become useful and applicable in both Thailand’s
context and other contexts. The research’s ﬂow chart is illustrated in Figure 1 and determines all the
relevant variables for the ﬁnal energy consumption forecasting model, whose characteristics fall under
the long-term sustainable development policy of 20 years (2018–2037), with the Augment Dickey Fuller
theory only at the same level by using data from 1985 to 2017. Moreover, only crucial and inﬂuential
variables are used in the forecasting model.

Figure 1. The ﬂowchart of the LT-ARIMAXS model.
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The remainder of this paper is as follows: Section 2 discusses the materials and methods.
Section 3 shows the results. Section 4 summarizes the discussion. Section 5 presents the conclusion.
2. Materials and Methods
2.1. Autoregressive Model and Moving Average Model
The autoregressive model and moving average model or Box–Jenkins are two models that
emphasize only the stationary data [32,33], described as follows.
In the case of the random seasonal process, it is an uncertain or speciﬁc seasonal process.
For instance, a country encounters a political conﬂict for the past many years. At the same time,
a demonstration occurs at the second quarter. This situation causes a sales drop. However, the political
conﬂicts may seem stable this year in the same quarter. Thus, the sale is consistent. Here, the seasonal
process that took place last year at the second quarter temporarily affects this year’s second quarter,
which can be called the stationary seasonal process. In this case, it is not necessary to drop off the
season, but it can be incorporated into the model. This can be called the seasonal autoregressive
moving average or (seasonal ARMA). The model is explained as below [34,35]:
Xt is a quarter time series and falls under a stationary seasonal process. This time series Xt can be
written as:
(1)
Xt = A1 Xt −4 + v t , | A1 | < 1
where vt is a random error variable, which is a white noise. The above equation is a AR(4) model
where the coefﬁcient of Xt−1 , Xt−2 and Xt−3 is 0, and | A1 | < 1 is the condition indicating the stationary
seasonal process in time series Xt . If this Xt is brought to ﬁnd an average value, a variance of the
Theoretical Autocorrelation Function (TAC) and Theoretical Partial Autocorrelation Function (TPAC)
is computed through the following equation:
2
Let μ = 0, Variance γ0 = 1−σ A2 , the TAC is pointed in Equation (2) and TPAC is drawn in
1

Equation (3).

'
ρk =

k
4

( A1 ) ,
0,
'

φkk =

k = 0, 4, 8, ... when it is other case
ρ4
0,

k = 4when it is other case

(2)

(3)

Since | A1 | < 1, when considering Equation (2), it can be concluded that, if 0 < A1 < 1, TAC will
exponentially reduce at time 4, 8, 12, . . . ; if, as time slowly passes, TAC will be exponentially up and
down at time 4, 8, 12, . . . ; if | A1 | is closely approaching 1, a seasonal pattern will be clearer and last
longer; and if | A1 | is close to 0, the pattern will disappear. Equation (3) shows that the TPAC is not
equivalent to 0.
Based on Equation (1), it reﬂects only on the impact of season in AR, but the time series can be as
the ARMA in practice, and this can be written as below:
A ( L s ) Xt = B ( L s ) v t

(4)

A( Ls ) = 1 − A1 Ls − A2 L2s − . . . A p L ps

(5)

B( Ls ) = 1 − B1 Ls − B2 L2s − . . . BQ LQs

(6)

where s is the time duration of season.

We consider Equation (4) as the pure seasonal ARMA model at ( P, Q)s . In practice, it is possible
that Xt is in AR(1), together inﬂuencing the season as the equation below:
Xt = A1 Xt −1 + A1 Xt −4 + v t ,
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Equation (7) indicates the inﬂuence of seasonal process when s = 4, and time series Xt in quarter
2 is related to quarter 1, while quarter 2 of this year is related to quarter 2 last year.
Meanwhile, Equation (4) shows Xt in some seasons of the ARMA model at ( P, Q)s or ARMA
( p, q) together, and vt in ARMA ( p, q) is as follows:
β( L)
εt
α( L)

vt =

(8)

where ε t is the random error variable with white noise α( L) = 1 − α1 L − α2 L2 − . . . α p L p and
β( L) = 1 − β 1 L − β 2 L2 − . . . β q Lq . Therefore, Equation (4) can be drawn as below:
A ( L s ) α ( L ) Xt = B ( L s ) β ( L ) ε t

(9)

Equation (9) is called the multiplicative seasonal ARMA model at ( p, q) × ( P, Q)s , and can be
denoted as ARMA ( p, q)( P, Q)s or ARMA ( p, q) × ( P, Q)s .
2.2. LT-ARIMAXS Model
In the construction of the LT-ARIMAXS model for forecasting, the autoregressive model (AR) and
moving average model (MA) were basically integrated to ﬁrst structure an ARIMA model. Once the
ARIMA model was obtained, it was then applied to generate the LT-ARIMAXS model together with a
co-integration test at the same level for every variable in the equations. In addition, there was also an
adaptation of an error correction mechanism test in this particular model, as discussed below.
2.2.1. A Forecasting Model with ARIMA Model
It is a notion that differentiating at d with a particular time series will make a non-stationary
time series a stationary time series. With such differentiation applied in the Box–Jenkins model, it can
become known as ARI MA( p, d, q) [34,35].
For better understanding, Xt is denoted as the non-stationary time series, where
Zt = ΔXt = Xt − Xt−1 is the stationary time series. Here, a proper model for this time series
Xt is ARI MA(1, 1, 0) and it can be written as:
Zt = α0 + α1 Zt−1 + ε t

where t = 1, 2, . . . , T

(10)

If time at T is taken into account, the ARI MA(1, 1, 0) becomes:
ZT = α 0 + α 1 ZT − 1 + ε T

(11)

and X1 , X2 , . . . XT (or denoted as IT ) is now known for their value.
When using Equation (11), we forecast ẐT +1 , ẐT +2 , ẐT +3 from the following equation.
ẐT +1

=

α0

+

α1 ΔXT

ẐT +2

=

α0

+

α1 Δ X T +1

ẐT +3

=

+

α1 Δ X T +2

ẐT + j

=

α0
..
.
α0

+

α1 Δ X T +( j−1)

∧
∧

∧

⎫
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎬
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎪
⎭

(12)

From Equation (12), it can be seen that X̂T may not need forecasting. This is because the true
information is known, which is XT ; hence, the forecasting result of X̂T +1 can be computed from.
X̂T +1 = XT + ẐT +1
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while the forecasting result of X̂T +2 , X̂T +3 , . . . , X̂T + j can be calculated as follows:
X̂T + j = XT +

j

∑

k=1

ẐT +k

(14)

As for forecasting with ARI MA( p, 1, q), it can be applied by Equation (14), but the equation
transformation is complicated.
Assuming the ARI MA( p, 1, q) model is written as below:
Xt = ϕ0 + ϕ1 Xt −1 + ϕ2 Xt −2 + ϕ3 Xt −3 + . . . + ϕ p Xt − p

+ ϕ p +1 Xt − p −1 + ε t − β 1 ε t −1 − β 2 ε t −2 − . . . − β 1 ε t − q

(15)

where ϕ0 = α0, ϕ1 = α1 + 1, ϕ j = α j − α j−1 and ϕ p+1 = −α p .
When the ARIMA model is obtained, it can then be used to construct the LT-ARIMAXS model.
The construction is explained below.
2.2.2. A Forecasting Model with LT-ARIMAXS Model
For the LT-ARIMAXS model, we have adapted the concept from the basic models
including ARIMA models [32,33], co-integration and error correction mechanism model [36,37].
This LT-ARIMAXS model was examined for the unit root test and variable selection for stationary
into this model formation. We have determined the Level (I(0)) or ﬁrst difference (I(1)) to analyze
co-integration [36]. This point of analysis must reﬂect the relationship at the same level. However, this
LT-ARIMAXS model must consist of the co-integration and error correction mechanism test (ECT) [37]
to increase efﬁciency and the zero error in the model. In addition, the LT-ARIMAXS model comes with
the suitability of future application in different areas in line with the policy of a particular country.
This is due to the difference of the LT-ARIMAXS model with other models so that the ARIMA model
focuses on the variables of Autoregressive (AR), Integrated (I), and Moving Average (MA) only at
time t − i especially in past data. In this paper, the LT-ARIMAXS model differs from other old models
p
due to the emphasis of Exogeneous Variables (∑i = 1 Yt−i ), which is believed to be an important yet
appropriate variable in the study. As for the reason, it is the inﬂuential variable that can affect the
dependent variable. Additionally, the LT-ARIMAXS model uses Autoregressive (AR), Integrated (I),
and Moving Average (MA) during time t − i in the study’s model. The LT-ARIMAXS model utilizes the
co-integration and error correction mechanism test from the theory of Johansen and Juselius to increase
the effectiveness of the model [36,37]. The co-integration model and error correction mechanism model
can be explained below.
This model applies the Johansen co-integration test to examine a pattern called multivariate
co-integration, which is the method proposed by Johansen and Juselius [36]; it is used to examine
the long-term relationship between the variables. The essence of cointegration is that the linear
combination of variables is stationary. Cointegration tests also require that all variables are integrated
in the same order [37]. We can use the following formula to conduct the cointegration test.
Xt = α0 +

p

∑

i=1

α i Xt −i + ε t

(16)

where Xt is a (n × 1) vector of variables, α0 is a vector of constants, αi is a (n × n) matrix of parameters,
and ε t is a (n × 1) vector of error term. Subtracting Xt−1 from each side of Equation (16) and letting I
be an (n × n) identity matrix, it can be rewritten as follows.
ΔXt = α0 + πXt−1 +
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∑ ∏ΔXt−i + ε t

i=1 i
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where ∏i and π are the coefﬁcient matrix and πXt−1 is the error correction term, while the coefﬁcient
matrix π provides information about the long term relationships among the variables. The number of
the co-integration vectors can be determined by using the trace test and maximum eigenvalue test
suggested by Johansen [37], as demonstrated in Equation (18) and (19).
λtrace = − T

n

∑

i = r +1

λmax (r, r + 1) = − T

ln(1 − λ̂1 )

n

∑

i = r +1

ln(1 − λ̂r+1 )

(18)

(19)

where T is the sample size and λ is the eigenvalue. Based on Equations (17) and (18), if the null
hypothesis is rejected, it shows the testing variables consist of co-integration. On the other hand, if the
null hypothesis is accepted, there is no co-integration.
After performing co-integration test, another important test must be carried out, which is error
correction mechanism test [37]. We can ﬁnd that the change of Xt not only depends on the change of
Yt but also depends on the change of the last period Yt−1 and Xt−1 . Considering the non-stationarity,
the OLS test cannot be used to perform the regression. Therefore, Equation (32) can deform to the
equation below.
β0
β + β2
− 1
(20)
ΔXt = β 1 ΔYt − (1 − δ)( Xt−1 −
Y ) + εt
1−δ
1 − δ t −1
Hence, the LT-ARIMAXS model can be written below.
Xt = ϕ0 + ϕ1 Xt −1 + ϕ2 Xt −2 + ϕ3 Xt −3 + . . . + ϕ p Xt − p

+ ϕ p +1 Xt − p −1 + ε t − β 1 ε t −1 − β 2 ε t −2 − . . . − β 1 ε t − q
p

p

i=1

i=1

(21)

+ ∑ Yt−i + ∑ ECTt−i
p

Let ϕ0 = α0 , ϕ1 = α1 + 1, ϕ j = α j−1 , ϕ p+1 = −α p , ∑ Yt−i = exogeneous variables, which are
i=1

p

stationary at the level and ∑ ECTt−i = the error correction mechanism test.
i=1

Equation (21) indicates the components of the LT-ARIMAXS model comprised of:
(1) Autoregressive variables (AR); (2) Moving Average (MA); (3) exogenous variables (); and (4)
p

error correction mechanism ∑ ECTt−i . The LT-ARIMAXS model is built and developed with the
i=1

assurance of being Heteroskedasticity, Multicollinearity, and Autocorrelation free. There is also an
analysis of period identiﬁcation with the Q-statistics test as to ensure that the model is not spurious
while it becomes efﬁcient in the forecasting with fewer errors. The model is then able to be applied in a
different context and management policy.
2.2.3. Measurement of the Forecasting Performance
To evaluate the forecasting effect of each model, we employed the mean absolute percentage error
(MAPE) and the root mean square error (RMSE) to compare the forecasting accuracy of each model.
The calculated equations are shown below [35,38].
MAPE =



1 n  ŷi − yi 
∑
n i = 1 y i 

1
RMSE =

1 n
(ŷi − yi )2
ni∑
=1
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The LT-ARIMAXS model is a newly developed method completed by adapting various concepts
from the general models including autoregressive (AR), integrate (I), and moving average (MA).
For the variable selection criterion, the variables must only be causal factors or stationary at the same
level. The stationary level I(0) or ﬁrst difference I(1) are used to test the unit root test. With the right
variables, we fulﬁll the criterion. Those variables are put forth for a co-integration test. When they
are found to be co-integrated, they are then used in structuring the LT-ARIMAXS model (p, d, q, Xi,
ECT(t−1) ) with an appropriateness check of period (t − i) through the implementation of a white noise
process by the Q test statistic method. In this paper, the LT-ARIMAXS model (p, d, q, Xi, ECT(t−1) ) must
not be free from heteroskedasticity, multicollinearity, and autocorrelation. Testing the LT-ARIMAXS
model (p, d, q, Xi, ECT(t−1) ) can be done based with MAPE and RMSE, and comparing those two
values with existing models. Once the model is obtained, forecasting the future is the next essential
step. We have combined the dataset using Microsoft Ofﬁce Excel. In addition, EViews 9.5 software is
deployed to implement the model, and it ﬂows as below.
(1)
(2)

(3)

(4)

Place the stationary variables at the same level in the analysis of the long-term relationship based
on the Johansen and Juselius concept.
Create a forecasting model by adapting the advance statistics of the so-called LT-ARIMAXS
model with full consideration of the relationship of all causal variables in terms of both the error
correction mechanism test and the co-integration test.
Examine the goodness of ﬁt in two aspects: (1) appropriateness check of period (t − i) through
the implementation of a white noise process by the Q test statistic method; and (2) performance
test for the LT-ARIMAXS model based on MAPE and RMSE. Compare those two values derived
from the LT-ARIMAXS model with the existing model, including MLR model, the ANN model,
BP Model, GM(1,1) model, ARMA model, and ARIMA model.
Forecast ﬁnal energy consumption by using the LT-ARIMAXS model for the period from 2018 to
2037, totaling 20 years. The ﬂowchart of the LT-ARIMAXS model is shown in Figure 1.

3. Results
3.1. Screening of Inﬂuencing Factors for Model Input
We tested the factors in the context of Thailand’s sustainable development policy.
Here, we deployed the time series data of the period 1987–2017. The tested factors consisted
of eight variables, namely ﬁnal energy consumption (ln(EC)), per capita GDP (ln(GDP)),
population growth (ln(Population)), oil price (ln(OP)), energy intensity (ln(EI)), urbanization rate
(ln(UG)), industrial structure (ln(IS)), and net exports (ln(X − E)). The test was conducted based on
the Augment Dickey Fuller theory at Level I(0) and ﬁrst difference I(1), as illustrated in Table 1.
Table 1. Unit root test at Level I(0) and First Difference I(1).
ADF Test at Level I(0)
Variables
ln(EC)
ln(GDP)
ln(Population)
ln(OP)
ln(EI)
ln(UG)
ln(IS)
ln(X − E)

Value
−2.85
−2.24
−2.75
−3.05
−3.11
−2.39
−3.12
−3.60

ADF Test at First Difference I(1)

MacKinnon Critical Value

Variables
Δ ln(EC)
Δ ln(GDP)
Δ ln(Population)
Δ ln(OP)
Δ ln(EI)
Δ ln(UG)
Δ ln(IS)
Δ ln(X − E)

1%
−4.22
−4.22
−4.22
−4.22
−4.22
−4.22
−4.22
−4.22

Value
−4.56 ***
−5.26 ***
−4.25 ***
−5.11 ***
−4.95 ***
−4.77 ***
−5.71 ***
−4.78 ***

5%
−3.53
−3.53
−3.53
−3.53
−3.53
−3.53
−3.53
−3.53

10%
−3.20
−3.20
−3.20
−3.20
−3.20
−3.20
−3.20
−3.20

Note: EC is the ﬁnal energy consumption; GDP is the per capita GDP; Population is the population growth; OP is
the oil price; EI is the energy intensity; UG is the urbanization rate; IS is the industrial structure; X − E is the net
export, *** denotes a signiﬁcance, α = 0.01, compared to the Tau test with the MacKinnon Critical Value, Δ is the ﬁrst
difference, and ln is the natural logarithm.
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Table 1 presents the testing result of the Tau test compared to the MacKinnon critical value.
The result showed that all variables had the unit root or were found to be non-stationary at Level I(0),
and explained the insigniﬁcance at 1%, 5%, and 10%. Therefore, carrying out the First Difference I(1)
was required. When testing the unit root at Level I(1), it was found that all variables were stationary at
Level I(1) with the signiﬁcance level of 1%, 5%, and 10%. Later, all stationary variables are taken for
the co-integration test by Johansen Juselius to analyze the long-term relationship of every variable at
the same level as shown in Table 2.
Table 2. Co-integration test by Johansen Juselius.
Variables
Δ ln(EC),
Δ ln(GDP),
Δ ln(Population),
Δ ln(OP),
Δ ln(EI),
Δ ln(UG),
Δ ln(IS)
Δ ln(X − E)

Hypothesized
No of CE(S)

Trace Statistic
Test

Max-Eigen
Statistic Test

None ***

231.15

At Most 1 ***

79.41

MacKinnon Critical Value

Status

1%

5%

165.85

18.75

15.40

I(1)

81.45

5.50

3.12

I(1)

*** denotes signiﬁcance α = 0.01.

3.2. Analysis of Co-Integration
Table 2 shows that all variables had a long-term relationship (co-integration) because the results
of the trace test were 231.15 and 79.41, which were higher than the MacKinnon critical values at
signiﬁcance levels of 1% and 5%. The maximum eigenvalue test results were 165.85 and 81.45,
which were higher than the MacKinnon critical values at the same signiﬁcance levels. Consequently,
those variables were used to form a forecasting model by adapting the LT-ARIMAXS model and
applying short- and long-term relationships into the model.
3.3. Formation of Analysis Modeling with the LT-ARIMAXS Model
All stationary variables at the ﬁrst difference are tested for the co-integration at the same level to
construct the LT-ARIMAXS Model at time (1,1,1). All exogenous variables at time t − 1 and ECT(t − 1)
are not proper as evaluated by the Q-statistic. However, we have started to build the Best model
named as the LT-ARIMAXS model at period (t − i) of p,d,q, and the good ﬁt of period (t − i) falls at
LT-ARIMAXS (2,1,2), which is shown in Figure 2 and Table 3.

Figure 2. The correlogram of the residual error of the LT-ARIMAXS model (2,1,2). Note: Columns
1 and 2 show the velocity trend of the correlation coefﬁcient that shrank to two times the standard
deviation (obtained by EViews). AC is the value of the autocorrelation coefﬁcient. PAC is the value of
the partial correlation coefﬁcient. Q-stat denotes the Q test statistic method at time t − i.
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Table 3. The result of the LT-ARIMAXS model (2,1,2).
Independent Variables

Dependent Variable Δln(EC)t

AR(1)
AR(2)
MA(1)
MA(2)
Δln(GDP)t−1
Δln(Population)t−1
Δln(OP)t−2
Δln(EI)t−1
Δln(UG)t−1
Δln(IS)t−1
Δ ln X − E)t−2
ECTt−1

2.79 ***
3.15 ***
2.99 ***
2.41 **
7.06 ***
2.45 **
6.15 ***
3.42 ***
5.26 ***
7.34 ***
5.01 ***
−2.15 **

Note: AR is Autoregressive model, MA is Moving Average model, *** denotes signiﬁcance α = 0.01, ** denotes
signiﬁcance α = 0.05, R-squared is 0.91, adjusted R-squared is 0.90, the Durbin–Watson statistic is 2.01, the F-statistic
is 229.25 (probability is 0.00), the ARCH test is 35.01 (probability is 0.1), the LM test is 1.65 (probability is 0.10),
and the response test (χ2 > critical) represents the signiﬁcance.

Figure 2 reﬂects that the LT-ARIMAXS (2,1,2) model became the best forecasting model as all
values of the Q test statistic at time (t − i) were in the criteria and met all conditions, or the insigniﬁcance
fell as follows: α = 0.01, α = 0.05, and α = 0.1. Therefore, this model can be used to forecast the ﬁnal
energy consumption. However, we have discovered the best model at time LT-ARIMAXS (2,1,2),
and this allowed us to understand the inﬂuence in changes or elasticity of all independent variables
causing the changes over the ﬁnal energy consumption at time (t − i), as illustrated in Table 3.
Table 3 illustrates the parameters of the LT-ARIMAXS (2,1,2) model at a statistically signiﬁcant
level of 1% and 5%. The ﬁndings illustrated that, when per capita GDP (Δln(GDP)t−1 at time (t − 1)
changed about 1%, it changed the ﬁnal energy consumption (Δln(EC)t ) equivalent to the elasticity
coefﬁcient of 7.06% at the signiﬁcance level of 1%, which went in the same direction. When population
growth (Δln(Population)t−1 at time (t − 1) changed about 1%, it showed inﬂuence over the ﬁnal energy
consumption (Δln(EC)t ) equivalent to the elasticity coefﬁcient of 2.45% at the signiﬁcance level of 5%,
which also went in the same direction. When oil price (Δln(OP)t−2 ) at time (t − 2) changed about
1%, the ﬁnal energy consumption (Δln(EC)t ) was affected to change by the elasticity coefﬁcient of
6.15% at the signiﬁcance level of 1%, whose change was in the same direction. When energy intensity
(Δln(EI)t−1 ) at time (t − 1) changed about 1%, the ﬁnal energy consumption (Δln(EC)t ) was also
changed by the elasticity coefﬁcient of 3.42% at the signiﬁcance level of 1%, which went in the same
direction. When the change in urbanization rate (ln(UG)t−1 ) at time (t − 1) accounted for 1%, the ﬁnal
energy consumption (Δln(EC)t ) was also affected to change by the elasticity coefﬁcient of 5.26% at
the signiﬁcance level of 1%, which went in the same direction. When industrial structure (ln(IS)t−1 )
at time (t − 1) changed about 1%, it affected the ﬁnal energy consumption (Δln(EC)t ) equivalent to
the elasticity coefﬁcient of 7.34% at the signiﬁcance level of 1%, whose direction went in the same
direction. Furthermore, when net exports (ln X − E)t−2 ) at time (t − 2) changed about 1%, the ﬁnal
energy consumption (Δln(EC)t ) was changed equally with the elasticity coefﬁcient of 5.01% at the
signiﬁcance level of 1% in the same direction.
However, from the analysis of the LT-ARIMAXS model (2,12), it was found that ECTt−1 was
equal to −2.15% at the signiﬁcance level of 5%. This shows that the error-correction mechanism
(ECTt−i ) can precisely explain the ﬂuctuations and the adjustment. Speciﬁcally, ECTt−1 denotes that,
under the impacts of controlled variables, when short-term ﬂuctuations deviate from the long-term
equilibrium, the changes of ﬁnal energy consumption in t time can eliminate the non-equilibrium
error of the t − 1 time by 2.15% and make a reverse adjustment to bring the non-equilibrium point
back to the equilibrium point. Furthermore, the LT-ARIMAXS model (2,1,2) is free from the issue of
heteroskedasticity, multicollinearity, and autocorrelation.
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In addition, we compared some selected forecasting models in terms of their effectiveness with
MAPE and RMSE, which is indicated in Table 4. LT-ARIMAXS model was compared with other
models: the MLR model, the BP model, the ANN model, the ARMA model, the GM(1,1) model,
and the ARIMA model shown below.
Table 4. The performance monitoring of the forecasting model (%).
Forecasting Model

MAPE

RMSE

MLR model
BP model
ANN model
ARMA model
GM(1,1) model
ARIMA model
LT-ARIMAXS model (2,1,2)

19.76
10.67
8.55
8.51
6.69
5.75
0.97

20.76
14.63
9.95
9.17
8.52
6.41
2.12

Table 4 shows that LT-ARIMAXS model (2,1,2) with analytical data for 1985–2017 consisting
of independent variables in the model including ﬁnal energy consumption at the time period t − 1
(ln(EC)t−1 ) or AR(1), ﬁnal energy consumption at time period t − 2 (ln(EC)t−2 ) or AR(2), Moving
Average (1) or MA(1), Moving Average (2) or MA(2), per capita GDP at time period t − 1 (ln(GDP)t−1 ),
population growth at time period t − 1 (ln(Population)t−1 ),oil price at time period t − 2 (ln(OP)t−2 ),
energy intensity at time period t − 1 (ln(EI)t−1 ), urbanization rate at time period t − 1 (ln(UG)t−1 ),
industrial structure at time period t − 1 (ln(IS)t−1 ), net exports at time period t − 2 (ln X − E)t−2 ),
and the error-correction mechanism at time period t − 1 (ECTt−1 ) provided the lowest MAPE value
at 0.97% and RMSE value at 2.12%. The ARIMA model, the GM(1,1) model, the ARMA model,
the ANN model, the BP model, and the MLR model had MAPE values of 5.75%, 6.69%, 8.51%, 8.55%,
10.67%, and 19.76%, respectively, and RMSE values of 6.41%, 8.52%, 9.17, 9.95%, 14.63%, and 20.76%,
respectively. The ﬁndings show that the LT-ARIMAXS model (2,1,2) is most effective. This was
observed as MAPE and RMSE being the lowest when compared to the old models. Furthermore, it is
very useful for long-term forecasting and national policy-making and planning in boosting sustainable
development in the long-run. Therefore, the LT-ARIMAXS model (2,1,2) was used to forecast CO2
emissions in the following step.
3.4. Final Energy Consumption Forecasting Based on the LT-ARIMAXS Model
Table 4 shows that the LT-ARIMAXS Model comes with highest efﬁciency by looking at the
lowest value of MAPE and RMSE compared with past forecasting models. Therefore, we chose
the LT-ARIMAXS Model for long-term forecasting (2018–2037). Once we attained the best model,
i.e., the LT-ARIMAXS Model (2,1,2), the long-term forecasting on the ﬁnal energy consumption in
Thailand’s petroleum industries sector for 20 years (2018–2037) was conducted, as shown in Figure 3.
Figure 3 shows that ﬁnal energy consumption from 2018 to 2037 in Thailand constantly increases
where the 2037 rate was found to be 109.8% higher than 2017. At the same time, it presents that the 2037
ﬁnal energy consumption would be equivalent to 121,461 ktoe, which is higher than the government’s
reduction goal, i.e., the ﬁnal energy consumption in Thailand’s petroleum industries sector should
not exceed more than 90,000 ktoe. As for the study, it reﬂects that the ﬁnal energy consumption does
not go along with the national policy effectively, and has negative effects on Thailand’s sustainable
development in the long-run.
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Figure 3. The forecasting results of ﬁnal energy consumption from 2018 to 2037 in Thailand.

4. Discussion
This research differs from other previous studies, as this LT-ARIMAXS model has a higher
effectiveness and better long-term forecasting, while producing fewer discrepancies in prediction.
Based on the many relevant studies reviewed, most existing models were only made available
for short-term forecasting capability ranging from one to ﬁve years. Zhao, Zhao, and Guo [6]
applied the GM model optimized by MFO with rolling mechanism in the forecasting for the period
2010–2014. Li and Li [7] used the ARIMA model, GM model, and ARIMA-GM model to forecast energy
consumption in Shandong, China from 2016 until 2020. Xiong, Dang, Yao, and Wang [8] utilized the
GM(1,1) model based on optimizing the initial condition in accordance with the new information
priority principle in the prediction from 2013 to 2017. Panklib, Prakasvudhisarn and Khummongkol [9]
chose ANN model and MLR model in the forecasting for 2010, 2015, and 2020. In addition, Azadeh,
Ghaderi, Tarverdian, and Saberi [10] incorporated ANN integrated with the genetic algorithm in a
one-year prediction. Günay [11] implemented Artiﬁcial Neural Networks using predicted values of
socio-economic indicators and climatic conditions for the same one-year coverage of forecasting. Dai,
Niu, and Li [12] applied ensemble empirical mode decomposition and least squares support vector
machine based on an improved shufﬂed frog leaping algorithm for 2018–2022 forecasting. Suganthi
and Samuel [14] used the econometrics model for 2030–2031 forecasting. Additionally, there have also
been some studies that have attempted to forecast for six years but not 20 years. Hamzacebi and Es [18]
implemented an optimized Grey Modeling for 2013–2025 forecasting. Mu et al. [19] used improved
grey model for the 2011–2020 prediction. Zeng, Zhou, and Zhang [20] developed a homologous grey
prediction model for 2018–2024 forecasting. Furthermore, Jiang, Yang, and Li [21] used MGM model,
ARIMA model, MGM–ARIMA model, and BP model for the forecasting period of 2017–2030. Ediger
and Akar [22] deployed ARIMA model and SARIMA model for 2005–2020 forecasting. Ekonomou [23]
applied ANN model for 2005–2008, 2010, 2012, and 2015 prediction. Seung et al. [26] also deployed
a MLR model for 2014–2030 forecasting. Ayvaz and Kusakci [31] chose to apply a NDGM model
in prediction for the period 2014–2030. However, by reviewing various studies, it was found that
long-term forecasting has become a popular topic most researchers have chosen to study, and various
different methodologies have been implemented. In this study, we selected the most appropriate
model for long-term forecasting. The LT-ARIMAXS model functioned better and was more efﬁcient,
with less erro, when compared to other models. With the output of the model, it is very useful and
ﬁts in Thailand’s policy-making and planning. Furthermore, it can become the best guideline for any
interested researchers to further develop and explore.
Nonetheless, the limitation of this research lies upon the diesel price as the government controls
the price by using the Diesel Oil Support Fund. As a result, it does not reﬂect the real economy and
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energy demand due to this government intervention, which may result in inaccurate forecasting. If the
government allows the oil price to move with the world market, we would be able to obtain the true
inﬂuence of the diesel price over the change in ﬁnal energy consumption. In addition, the government’s
policy does not speciﬁcally deﬁne the government expenditure, especially on mega projects the
government has invested in, which heavily effects the economy, society, and environment. If such
variable can be utilized and considered in policy-making, we wouls also be able to see the inﬂuence
affecting the change in energy consumption. However, we highly expect that the LT-ARIMAXS model
is applied for a formulation of sustainable development-based policy and future research. In addition,
it is used to forecast greenhouse gases as determined by Thailand in all terms of durations including
short-term (1–5 years), mid-term (6–10 years), and long-term (11–20 year). However, the variables
must be contributed as the causal factors, especially a global diesel price and government expenditure.
Nonetheless, all factors are tested for the stationary, co-integration, and the error correction mechanism.
Most importantly, these two factors of global diesel price and government expenditure are used in
direct and indirect relationship analysis to ensure the real inﬂuence.
A government policy formulation requires a number of factors. Apart from variables used in this
study, the other true inﬂuential factors must be considered. Those factors are those truly affecting
the change in ﬁnal energy consumption especially in long-term forecasting. The true and complete
factors must be emphasized and applied in future policy-making since their characteristics qualify
and fulﬁll the criterion as complete factors. Increasing the numbers of foreign tourists, the increment
of foreign workers, and carbon emission intensity are some factors to consider. Since the existing
models do not produce a precise output and are less efﬁcient in forecasting, the LT-ARIMAXS model
has, therefore, been designed to ﬁll this gap. Additionally, the LT-ARIMAXS model is structured with
detailed research methodology together with a ﬁne selection of variables emphasizing on the inﬂuential
factors over the changes in the ﬁnal energy consumption. At the same time, both co-integration and
an error correction mechanism test are carried out to ensure zero heteroscedasticity, multicollinearity,
and autocorrelation. The proper period is speciﬁed based on the Q-statistic test for constructing
the LT-ARIMAXS model (2,1,2). With all processes put together, the model is completely ready for
long-term prediction (2018–2037) and analysis of MAPE and RMSE for further comparison with the
MLR model, the BP model, the ANN model, the ARMA Model, the GM(1,1) model, and the ARIMA
model. The study reﬂected that the LT-ARIMAXS model (2,1,2) has a higher effectiveness with less
error based on the evaluation from MAPE and RMSE.
However, the LT-ARIMAXS model is unique in terms of its variables used, as only causal factors
affecting future forecasting are considered. This means all irrelevant factors are removed from the
modeling. This study is very instrumental not only for Thailand but also other countries. To ensure
its structure, all variables are rightly deployed, according to the proper context by analyzing the
co-integration and carrying out an error correction test together by specifying the right period for the
right sectors. The LT-ARIMAXS model does not limit the casual factors, but the users must give details
in all processes for a better performance of the model. We used various software for our analysis
by collecting data via Excel and constructing the LT-ARIMAXS model with EViews 9.5 due to its
capability in precise and long-term analysis and supportive to window (64 bit). Nonetheless, for those
individuals interested in using the LT-ARIMAXS model, they can download the EViews 9.5 student
version for Windows (Windows 10, Windows 8, Windows 7, and Windows Vista) for free, but it only
allows free usage for two years. A Pentium or better CPU with 512 MB Memory and 270 MB Disk
Space is required.
However, from this study, it can be concluded that the ﬁnal energy consumption in the long-run
(2018–2037) by using the LT-ARIMAXS model will be higher than the targeted amount. In addition,
this model differs from any existing models used on the prediction within Thailand since the model’s
prediction result can really support Thailand’s national policy-making at a higher efﬁciency. Since the
LT-ARIMAXS model is developed, only true inﬂuential variables over the ﬁnal energy consumption
in particular sectors are deployed and become applicable at a wider scope of prediction compared to
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past predictions. If the government decides to utilize the LT-ARIMAXS model as part of obtaining
sustainability, all inﬂuences produced from the LT-ARIMAXS model (2,1,2) must be considered to
attain a proper management of changes in all casual factors. One of the major key variables in the
LT-ARIMAXS model is the error-correction mechanism (ECT). This is because the implication of the
model is very beneﬁcial for a long-term prediction for Thailand and other countries. When there are
changes, shocks, or variations in the variables deviating from the equilibrium, the ECT is the value
telling that those variables will adjust to the equilibrium in the next period (t − i). However, the ECT
parameter will indicate the capability range of the adaptation to the equilibrium and it will guide the
government to set a clearer path in policy-planning. In addition, the focus in modeling should be
emphasized while other untaken variables are used for consideration by specifying a proper period of
application to maximize the model’s use.
5. Conclusions
This study has formed another area to explore and acted as a guideline for future research. This has
made the model standout from other past models. At the same time, it has helped to narrow the gap and
strengthen the existing weaknesses in previous studies, reducing potential discrepancies. Therefore,
this study was necessary as it is beneﬁcial and instrumental for both academia and strengthening
future sustainable development policy. This LT-ARIMAXS model has been structured based on
previous models, and has become the ﬁrst model to optimize the advance statistic. Simultaneously,
it was designed to ﬁll the gap of forecasting capability, especially long-term forecasting, which is
important and necessary to develop to reduce any potential residual discrepancies. The reason for
this assurance is that it allows us to improve policy formulation in the right direction in the most
efﬁcient and effective manner. We have developed this LT-ARIMAXS model by commencing with
variable selection. This selection uses only inﬂuential variables, which have an impact on the change
in ﬁnal energy consumption, and must be felt within the sustainable development concept in both the
long-term and short-term. When the right variables are obtained, they are used for the unit root test to
identify the stationary at the same level. If any variables are found to be stationary yet at different
levels, they are immediately eliminated. In this study, it was found that all involved variables were
stationary at ﬁrst difference, and they were used for the co-integration test to evaluate the long-term
relationship. This test showed that all variables were co-integrated at Level I(1). After all those
processes, the LT-ARIMAXS model (2,1,2) was structured consisting of the autoregressive model (AR),
moving average model (MA), exogeneous variable, and error correction mechanism test (ECTt−1 ).
However, the LT-ARIMAXS model (2,1,2) was improved for the right period (t − i) as shown in the
correlogram of the residual error with the use of the Q statistic test. With this test, we were able to
identify the period for this modeling to be the most effective. In addition, we tested the effectiveness
of the LT-ARIMAXS model (2,1,2) by MAPE and RMSE, whose values were later found to be lowest,
equivalent to 0.97% and 2.12% when compared to the ARIMA model, GM(1,1) model, ARMA model,
ANN model, BP model, and MLR model. Thus, the LT-ARIMAXS model (2,1,2) was used to forecast the
ﬁnal energy consumption in the petroleum industries sector in Thailand for 20 years (2018–2037). As a
result, the model produced outcomes where the rate 2037 was 109.8% higher than 2017. Additionally,
the ﬁnal energy consumption was found to be 121,461 ktoe by 2037, and this exceeds the government
limit of 90,000 ktoe. Hence, the above output can be applied in policy-making and planning in the
future to ensure that the right policy for the right direction is established, unlike any other previous
years (1985–2017).
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