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Abstract: In past decades, many manufacturing enterprises have followed the business model of
productivity maximization, in which achieving maximum profit using limited resources is the business
goal. Although this industrial strategy may make profit, it can be detrimental to the long-term
social welfare. Industrial regulations require that enterprise should be responsible for the natural
environment and the health of their employees while achieving their business goals. This presents a
complex problem involving the trade-off between ecology and economy so that an efficient strategic
decision support method is needed. Since the value-added process of a manufacturing company
encompasses both desirable and undesirable outputs, in this study we use a data envelopment
analysis-based model to measure performance sustainability. In it, energy, water, and manpower
are considered as input resources, meanwhile CO2 emissions, wasted water, chemical compounds,
and laborers’ injuries are considered as bad outputs. The proposed approach is applied to a global
chemical manufacturing company to benchmark the sustainability of its production sites located in
Asia. Based on the benchmarking results, the theoretical and practical implications are discussed.

Keywords: sustainable manufacturing; data envelopment analysis (DEA); bad-output model

1. Introduction

Sustainability is a challenge for global manufacturing industries, since the processes that generate
profits often damage natural resources as well as the environment. To remain sustainable, companies
must revisit the traditional business model by considering the effect of profit-making on the planet’s
resources and on society at the same time [1]. It is a requirement for the start-up operations in the
intense of manufacturing competition in the industry to meet or exceed local regulation [2]. On the
other hand, increasingly stringent regulations, community, and customer pressure require companies
to incorporate the full scope of sustainability operations into their business goals efficiently and so as
to increase their competitive advantage [3]. Companies must also develop long term sustainability
strategy and investment facilities to reduce their environmental impact and protect employees and
public health. Thus, leveraging economic profits and ecological sustainability becomes an issue.

Public regulations also present challenges. Restrictions on the use of certain hazardous substances
in electronic equipment (Restriction of Hazardous Substances) mean that such products cannot be
sold within the European Union (EU) [4]. The EU also implemented its Registration, Evaluation,
Authorization, and Restriction of Chemical Substances (REACH) regulations to protect human health and
the environment [5]. The regulations of the United States Environmental Protection Agency, in Section 40
of the U.S. Code of Federal Regulations, define the emission limitations for the protection of people and
the environment [6]. These stringent regulations oblige the chemical industry to comply, so substantial
effort is required to prevent detrimental effects on business operations. The public, the company, and the
government must comply with the regulations, without any concessions. These regulations thus impose
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a requirement on companies to be responsible for protecting public health and the environment [7].
The regulation, international standard and stakeholders’ communications are the factors for taking CSR
initiatives in considering of company reputation not only financial performance [8]. Regulation is the
bottom line that a responsible local or global company must comply with for sustainable operating and
maintain long-term trust relationship in community. A manufacturing company should also consider the
potential business benefits of environmental regulations.

A global firm faces competition to enhance their capability and increase value-added practices for
sustainable manufacturing for globalization [9]. Sustainable manufacturing is one of the key company
strategies toward long term business operations that require process and management system for
implementation. Kishawy et al. (2018) develops an approach that is comprised of three levels of
product, process, and system for assessment and implementation to build up sustainable manufacturing
systems [10]. A firm selects proper sustainable manufacturing practices for implementation to improve
manufacturing performance not only a single element [11]. An efficient decision-support tool is
necessary for companies to measure and manage the sustainability of their production sites worldwide.

Data envelopment analysis (DEA) is a mathematical programming approach used to measure
productive efficiency, based on the idea of the production frontier in micro-economics. The two
basic radial-DEA models, introduced by Charnes, Cooper, and Rhodes (CCR) and Banker, Charnes,
and Cooper (BCC), define the input excess and output shortfall as inefficiencies. Zhou et al. (2008a)
surveyed the application of DEA in 100 energy and environment studies and found that efficiency could
be effectively measured using the radial methods of the CCR and BCC models [12]. The value-added
process of manufacturing companies encompasses both desirable and undesirable outputs. We therefore
used the DEA bad-output model to evaluate the sustainability performance of a manufacturing company,
in which input and bad-output factors, the natural environment, and laborers’ health, and safety were
included. In addition to the theoretical model, this study presents an application for a global chemical
manufacturing company to implement sustainability benchmarking in its production factories.

This paper is organized as follows: The related researches are reviewed in the Section 2, and the
Section 3 states the research method. In Section 4, we demonstrate the application case, and the research
finding in terms of practical application and theoretical implications are presented in the Section 5.
Conclusions and future research are presented in Section 6.

2. Literature Review

Sustainable development can be viewed as satisfying the needs of the current generation without
compromising the ability to meet the needs of future generations [13]. Sustainable development
consists of environmental, societal, and economic domains, also known as the “triple bottom line” [14].
The extremely climate, temperature and civilization caused the natural resources shortage that activates
the design for natural that is friendly to environment and people [15]. A sustainable long-term
strategy involves both operational performance and environmental protection, so that ecological and
natural resources can continue to be used [16]. The aim of the operational framework of sustainable
development is to minimize the effect of company operations on people and the environment, and to
ensure that the interests of internal and external stakeholders are not sacrificed in the interests of
profit [17]. Significant advantages can be gained from implementing sustainability, as company
performance can be improved in safety, health, and environmental matters, and also in terms of
efficiency and productivity. The sustainability related topics summarized in Table 1 and description
as follows:
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Table 1. Sustainability related topics.

Perspectives Authors Approach Process

Life-cycle assessment

[18] Sensitivity analysis Electric vs. combustion engine cars

[19] Industrial symbiosis (IS) Small and medium enterprise
(SMEs) tannery

[20] Multi-objective, mixed-integer
nonlinear programing model Hydrocarbon biofuels

[21] Environmental Impact Assessment Landfills, biological treatments,
and paper recycling.

Lean and green practices

[22] PLS-SEM Manufacturing

[23] Design of Experiment Manufacturing and waste
treatment process

[24] Lean six sigma tools Manufacturing processes

[25] lean manufacturing tools and
value-stream mapping Manual handling process

Resource-based views

[26] Multiple regressions Production operations in global
supply chains

[27] Cross-sectional survey Manufacturing plants

[28] SEM Maintenance facilities

Reversed logistics

[29] Mathematical model of the reverse
logistics social responsibility Supply chains

[30] Management information system Customers and suppliers

[31] Content analysis Supply chains

Eco-design product

[32] Content analysis ICT (Information and communication
technology) sectors

[33] New eco-design tools Manufacturing, transportation,
and users

[34] Multi-criteria decision support Furniture companies.

Benchmarking

[35] Lean, Six Sigma and life
cycle assessment Construction

[36] Benchmarking of
sustainability method Electrnoics

[37] Two-Stage DEA model Tourism Service

• Life-cycle assessment

Helmers et al. (2020) conducted the environmental impact assessment on vehicles using different
fuels through Life-cycle assessment [18]. Daddi et al. (2017) used a tool of life-cycle assessment by
implementing the approach of industrial symbiosis (IS) to collaborative and sharing environmental
initiatives and solutions in the small and medium enterprises (SMEs) tannery industry for continuous
improvement [19]. Wang et al. (2013) proposed a multi-objective, mixed-integer, nonlinear programing
model to evaluate environmental effects by assessing the life-cycle of hydrocarbon biofuels. Greenhouse
gases and carbon dioxide accounted for 90% of the environmental effects of processes and transportation,
which can be further reduced [20]. Koroneos and Nanaki (2012) applied life-cycle assessment to
sustainable decision making in the waste management of paper, food waste, plastics, leather, wood,
glass, and metals including aluminum, using the inputs of resources and energy and the outputs
of emissions, energy, and bio-products. They found that different energy levels of electrical sources
affected the results of the waste treatment methods of landfills, biological treatments, and paper
recycling [21].

• “Lean and green” practices

Green et al. (2019) concluded that implementation green supply chain programs of JIT and TQM can
reduce waste, cost, delivery and increase customers’ service level and satisfaction [22]. Fercoq et al. (2016)
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consolidate lean and green approaches using a tool of design of experiment (DOE) to identify the
two factors of lean and waste to reduce, reuse and recover the potential waste generation volume in
the manufacturing and waste treatment process to improve solid waste performance in environmental
aspects [23]. Li et al. (2013) proposed a management model to develop a manufacturing strategy
that applied the Bayesian network approach, originating from lean six sigma tools, to prioritize
the improvement of manufacturing processes and gain competitive advantage in the industry [24].
Acharya (2011) applied lean manufacturing tools and value-stream mapping to improve processes
for manual handling, thereby eliminating non-value-added waste. This method can contribute to
operational efficiency in terms of cost reductions and output gains by conserving human resources,
materials, spaces, advantages, and cycle times [25].

• Resource-based views

Koh et al. (2016) developed an integrated resource efficiency view (IREV) to utilize and
measure natural resources’ efficiency to contribute the performance sustainability and corporate social
responsibility [26]. Gavronski et al. (2011) applied the resource-based view (RBV) to conduct a survey
and develop green manufacturing capability with plant resources through top management commitment,
knowledge exchange in organizational learning, and environmental investment. Their goal was to support
green supply chain management and to enable the development of a green manufacturing capability and
sustained competitive advantage [27]. Aragón-Correa et al. (2008) conducted a survey focusing on the
natural environmental strategy of small- and medium-sized enterprises (SMEs) using the RBV approach.
They developed an environmental practice based on the organizational potential of a shared vision,
stakeholder management, and strategic proactivity, which can create positive and proactive relationships
between eco-efficient practices, environmental practices, and company performance [28].

• Reversed logistics

Sudarto et al. (2017) developed a mathematical model of the reverse logistics social responsibility
in the supply chains in order to react to the uncertainty of product life cycle to optimize a sustainability
performance [29]. García-Rodríguez et al. (2013) conducted a case study in which raw materials for
the handmade sector were acquired through reverse logistics to sustain the products’ long lifecycle.
They addressed uncertain supply of end-of-life products by implementing a management information
system to communicate with customers and to regard them as suppliers. The communication loop
was thus improved, and customers and suppliers were in turn persuaded to improve the management
of resources and to reuse, repair, and recycle to improve efficiency [30]. Jayant et al. (2012) conducted a
content analysis of more than 100 papers to identify the reverse factors of environmental aspects that
could be integrated into the sustainable supply chain to achieve economic goals. The surveyed methods
included linear, non-linear, and mixed-integer nonlinear programming, and network equilibrium,
stochastic, and simulation models [31].

• Eco-design product

Sinvonen and Partanen (2017) applied a content analysis approach to the ICT (information
and communication technology) sectors that they consider for eco-design at the beginning phase
to extend the durability from the point of view of life-cycle assessment, which has a positive result
on environmental performance [32]. Casamayor and Su (2013) applied new eco-design tools to
lighting products to reduce the environmental impact from. The highest impact phase was found to be
transportation, followed by the user and manufacturing phases, and the tools were used for prescription,
database, and analytical purposes [33]. Borchard et al. (2012) proposed a multi-criteria decision
support method, weighted by an analytic hierarchy process to evaluate the eco-design constructs
of furniture companies. This flexible method enabled companies to identify the priorities of each
eco-design construct and make emergency changes according to the environmental requirements [34].
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• Benchmarking

Tasdemir et al. (2020) developed a framework for benchmarking the sustainable performance
by Lean, Six Sigma, and life cycle assessment to identify improvement opportunities of construction
industry [35]. da Costa et al. (2020) identified sustainability indicators for benchmarking the
performance and reduce the environmental impact of product life cycle for electronics industry through
benchmarking of sustainability method [36]. Radovanov et al. (2020) conducted a two-stage DEA
model for benchmarking the sustainability performance of Tourism service for driving improvement
and tourism development [37].

Most studies have investigated the relationship of sustainability to energy, environmental,
and economic factors, focusing less on the social factors affecting safety performance [38,39].
Chodakowska and Nazarko (2020) conducted a DEA literature review of 30 papers in the EU countries
and integrate hard and soft data to proposed hybrid models [40]. Companies may assess safety
performance using factors such as measures of training or the external certification of occupational
health and safety. Examples include OHSAS18001 certification and implementation [41]; Health, Safety,
and Environment (HSE) training man-hours; the number of HSE personnel; the budget allocated to HSE
resources; and the inclusion of HSE factors in employees’ objectives and performance evaluations [42].
Employees are core assets working in company to caring their safety and health that can foster safety
culture and increase their working satisfaction and morale. So that can trigger the financial and
operational performance for sustainable operation. True sustainability performance measurement
requires the consideration of all aspects related to social actors on safety and health. Therefore,
the application case was focusing on two dimensions—social and environmental of triple bottom line.
The input and output variables described on Section 4.

3. Method

Data envelopment analysis (DEA) is a non-parameter application method for evaluating efficiency
and has been widely applied to operational research and management [43]. The core concept is that
productivity, from output to input, is derived from economic factors [44]. Environmental evaluation
requires the identification of desirable and undesirable output [45]. Zhou et al. (2008a) identified five
efficiency measurements from over 100 energy and environmental research papers: (1) a radial efficiency
measure, (2) a non-radial efficiency measure, (3) a slacks-based efficiency measure, (4) a hyperbolic
efficiency measure, and (5) a directional distance-function efficiency measure [12]. The slacks-based
efficiency measure has the highest discrimination power of the five. The monotone property of
slacks-based efficiency decreases the excess inputs and bad outputs simultaneously for every slack.
SBM was thus applied to undesirable outputs as part of our research methodology for evaluating
sustainability performance [46].

Assume there are n decision-making units (DMUs). Each DMU has three factors: inputs, good
outputs, and bad (undesirable) outputs, which are represented by three vectors: x∈Rm, yg

∈RS1,
and yb

∈RS2, respectively. The definition of the matrices is from Equations (1)–(9) [46].

X = [χ1, . . . ,χn] εRmXn (1)

Yg =
[
Yg

1 , . . . , Yg
n

]
εRs1Xn (2)

Yb =
[
Yb

1, . . . , Yb
n

]
εRs2Xn (3)

The possibility set (P) can be defined as

P =
{(
χ, yg, yb

) ∣∣∣∣χ ≥ Xλ, yg
≤ Yg λ, yb

≥ Yb λ, λ ≥ 0
}

(4)
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The slacks-based measure (SBM) undesirable model can be represented as

ρ∗ = min
1− 1

m
∑m

i=1
s−i
χi0

1 + 1
s1+s2

(
∑s1

r=1
sg
r

yg
r0
+

∑s2
r=1

sb
r

yb
r0
)

(5)

subject to
χ0 = Xλ+ s− (6)

yg
0 = Ygλ− sg (7)

yb
0 = Ybλ+ sb (8)

s− ≥ 0, sg
≥ 0, sb

≥ 0, λ ≥ 0 (9)

where sg
∈RS1 represents shortages in good outputs, and the vectors s−∈Rm and sb

∈RS2 represent
excesses in inputs and bad outputs, respectively. Equation (5) demonstrates that to satisfy the objective
value 0 < ρ* ≤ 1, it is necessary to increase sg and reduce sb and s−. ρ* = 1 represents the objective,
projected along the efficient frontier for the bad (undesirable) output model.

4. Application Case

4.1. Case Company

The case company was a leading global manufacturer of paints and coatings, operating in over
80 countries in North America, Europe, Asia, and Latin America. The headquarters, located in the
Netherlands, employed over 55,000 staff at the end of 2020. Its long-term financial business goals
were increased revenue, profit, and working capital, and its non-financial goals were safety, ecology
efficiency, and diversity. The business structure, in which the business unit Decorative Paints makes
33.93% of global sales, Performance Coating 32.69%, and Specialty Chemicals 33.76%. The proposed
sustainability method was first applied to the Decorative Paints factories in Asia.

The Decorative Paints unit included interior, exterior, and protective products. The company’s
marketing and business strategy was aimed at driving growth, while its innovation was driven by
environmental and health legislative and regulatory pressure. The company developed eco-premium
products such as heat-reflective exterior paints with energy-saving benefits, paints including fewer
volatile organic compounds (VOCs) with the benefits of durability and wash ability, and water-based
products. The percentage of revenue from these products for 2018, 2019, and 2020 was 15%, 22%,
and 29%, respectively. Essential raw materials were resin or binders, titanium dioxide, and packaging
materials. Titanium dioxide had the highest cost, as it was a scarce natural resource.

4.2. Model Setup

Rapid technology development and high pressure for keeping the competitive advantage, so some
companies adopt benchmarking to improve productivity [47]. Benchmarking is one of the features of
total quality management (TQM) for sustaining the competitive advantage [48]. The benchmarking
has been applied on theoretical and practical for a company to improve organization performance and
competitive advantage [49]. Cook et al. (2014) measured the efficiency of every DMU on production
frontier for application DEA method for performance evaluation and benchmarking toward achieving
best practice [50]. Therefore, it is important concept for applying DEA model for benchmarking to learn
on new techniques and knowledge for sharing the good practice for driving continuous improvement
in organization.

Benchmarking has been introduced and implemented on various industries by using DEA
methods. Such as Wang et al. (2018) developed a DEA-Tobit model for benchmarking water
resource usage efficiency for 30 provinces in China [51]. Novickytė and Droždz (2018) measured
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the banking sector’s efficiency in Lithuanian by DEA input oriented CRS and VRS DEA model [52].
Mazumder et al. (2018) develop ANP and benchmark the manufacturing organization by proposing
DEA input oriented CRS for productivity improvement [53]. Wang et al. (2018) selected suitable and
qualified supplier by using Fuzzy ANP and DEA CCR, BCC, and SBM model for benchmarking [54].
Lin et al. (2018) developed a new hybrid model of AHP and two-stage additive network DEA for
sustainability improvement in Taiwan semiconductor manufacturing sector [55].

The data key in a HSE system from 16 sites in Asia of the case company that required applying
the same sustainability index. Sixteen sites—three were located in China, five in India, two in Vietnam,
and one each in Indonesia, Thailand, Taiwan, Malaysia, Singapore, and Papua New Guinea. Quarterly
data from 2018 to the first half of 2020 were used. Site HSE team submitted sustainable reporting
that validated by regional data management team for any data variant that supply chain head and
Corporate HSE to validate the data accuracy. Also the data validated and audited by Corporate HSE
and Sustainability Auditor Team to ensure the reporting process was transparency and integrity. Table 2
summarizes the input and output variables identified by the case company, and Figure 1 presents the
framework of the DEA model for sustainability measurement. In this model, the inputs are the total
energy consumption (TEC), total fresh water intake (TFWI), and number of hours worked—employees
(NOHWE). Good output is indicated by product volumes with solid lines, and bad outputs include the
VOCs, total carbon dioxide (TCO2), total waste (TW), and total recordable injury and illness rate (TRR).

Table 2. Input and output variables in the DEA model.

Abbreviation Variable Inputs or Outputs Unit Theoretical Background

TEC Total energy consumption Input TJ [56–58]

TFWI Total fresh water intake Input 1000 M3 [59,60]

NOHWE Number of hours
worked-employees Input hours [61–63]

PV Production volume Good output tons [64]

VOC Volatile organic compound Bad output tons [58,65]

TCO2 Total carbon dioxide Bad output tons [57,61,66]

TW Total waste Bad output tons [62,67]

TRR Total recordable (injury
and illness) rate Bad output per million hours
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Figure 1. Concept of the DEA model for sustainability analysis.

The Dow Jones Sustainability Index gives significant attention to the total recordable rate (TRR) in
the chemical industry, so it was included in the bad-output variables. The rule of thumb is that the
number of DMUs must be twice that of the product of the inputs and outputs [68]. However, in this
study, it was less than twice the product of inputs and outputs (16 < 2 (3 × 5), so the discrimination
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was not favorable. We applied DEA window analysis to overcome the DMU shortage in the panel
data [69]. We ran the bad-output model with the DEA solver for constant returns to scale (CRS) and
variant returns to scale (VRS), using the software Statistica 7.0 to obtain the DMU average value for
calculating the DEA window analysis.

4.3. Numerical Results and Benchmarking

Table 3 gives the average efficiency values of the 16 locations. The mean value using VRS
(0.8260) was 29.76% higher than when using CRS (0.6365). In the previously mentioned review of over
100 papers, almost 50% applied CRS to DEA for environment- and energy-related research. If we had
used VRS in the DEA, the value would have required significant estimation [68], so we applied CRS in
the DEA bad-output model to obtain the efficiency values of the 16 locations.

Table 3. Bad-output model (efficiency and standard deviation) with CRS and VRS

Valid N Mean Minimum Maximum Std. Dev.

Bad-output CRS efficiency 16 0.6365 0.2330 0.9770 0.2430
SD of bad-output CRS 16 0.1089 0.0000 0.2677 0.0766

Bad-output VRS efficiency 16 0.8260 0.3964 0.9871 0.1925
SD of bad-output VRS 16 0.1134 0.0403 0.2167 0.0510

Table 4 summarizes the efficiency scores and the slacks of bad output provided by the CRS model
for the 16 Asian production sites of the case company. Figure 2 compares their bad-output CRS scores.
Figures 3–9 are input and output slacks. The sustainability of the production sites was benchmarked
using these scores as follows.Energies 2020, 13, x FOR PEER REVIEW 11 of 21 
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Figure 2. Bad-output CRS score for 16 locations in Asia.
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Table 4. Efficiency score and slacks of the bad-output CRS model

Ranking DMU SBU Score TEC TFWI NOHWE VOC TW TCO2 TRR PV

Excess Excess Excess Excess Excess Excess Excess Shortage
1 TH S 0.9770 0.0124 0.1610 0 0.3157 0.4893 13.9187 0 0
2 CK SE 0.9607 0.0757 0.4501 1265.1719 0.0870 9.4776 6.1852 0 0
3 HCMC SE 0.9041 0.0695 0.6389 2815.5173 0.2334 3.9020 0 0 0
4 SH N 0.8193 0.7069 0.3643 135,989.3705 2.6930 20.9123 67.8050 0.3505 0
5 HB S 0.8186 0.8294 0.6207 5188.9540 15.5750 1.6991 82.9202 2.0808 0
6 BD SE 0.8043 0.2145 0.2284 12,945.6591 0.7893 15.1620 1.1877 0 0
7 JR SE 0.7250 0.2461 0.2164 8903.1724 0.0381 28.1252 9.1248 0 0
8 LF N 0.7142 0.2516 0.7133 7837.4302 1.8202 13.5822 23.4566 8.3610 0
9 GZ N 0.6955 2.4778 2.4274 16,439.6667 5.6556 108.9671 200.0541 0 0
10 GD S 0.5333 1.6116 0 0 0 67.3471 152.3423 0 0
11 NL SE 0.5083 4.1261 1.3553 56,191.0241 4.3872 111.2965 167.8347 2.1176 0
12 CL N 0.4495 3.7675 4.0360 13,244.9842 1.8915 26.5842 224.9505 0 0
13 LK SE 0.3821 3.0721 3.0612 82,835.0971 14.6244 69.6027 115.5707 2.9266 0
14 MH S 0.3709 4.7389 0.3378 32,903.0345 3.8806 7.1392 480.7608 0 0
15 GG S 0.2889 1.1947 0 369,571.6667 0 0 121.7589 0.6095 0
16 GH SE 0.2330 0.2122 0.3346 43,370.6998 0.9788 5.8021 5.4958 8.3541 0

Abbreviation of SBU—Southeast Asia: SE; South Asia: S; North Asia: N.
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First place: The factory TH located in India achieved the highest efficiency score (0.977).
For NOHWE and TRR, it scored zero slacks. The slacks for TEC, TFWI, and TW were the lowest
of the 16 locations and could thus be used as a benchmark. However, TH could still improve its
performance in TCO2 and VOC by benchmarking; HCMC in Vietnam showed the best performance on
these variables, with zero slacks for both.

Second place: The CK factory in Indonesia achieved the second highest efficiency score (0.9607),
with zero slacks for TRR. This location also achieved slacks scores for TEC, NOHWE, and VOC that
were in the best 3 of all 16 locations, and could thus serve as a reference for good practice.

Third place: The HCMC factory in Vietnam achieved the third highest efficiency score (0.9041),
with zero slacks for TCO2 and TRR. This location also achieved slacks scores for TEC, NOHWE, and TW
that were in the best 3 of all 16 locations, and could thus serve as a reference for good practice.

Fourth place: The SH factory in China achieved the fourth highest efficiency score (0.8193).
The slacks of all inputs and outputs were above the average for the 16 locations.

Fifth place: The HB factory in India achieved the fifth highest efficiency score (0.8186). This location
achieved a slacks score for TW that was in the best 3 of all 16 locations, and could thus be a reference
for good practice.

Sixth place: The BD factory in Vietnam achieved the sixth highest efficiency score (0.8043),
with zero slacks for TRR. This location also achieved slacks scores for TCO2 and TFWI that were in the
best 3 of all 16 locations, and could thus be a reference for good practice.

Seventh place: The JR factory in Singapore achieved the seventh highest efficiency score (0.725),
with zero slacks for TRR. This location also achieved slacks scores for TFWI and VOC that were in the
best 3 of all 16 locations, and could thus be a reference for good practice.

Eighth place: The LF factory in China achieved the eighth highest efficiency score (0.7142).
The slacks for most inputs and outputs were at the average level of the 16 locations. This location had
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the worst slacks score for TRR, which could be improved. This location could derive benchmarks from
other locations that performed well in this area (i.e., TH, CK, HCMC, BD, JR, GZ, CL, and MH).

Ninth-sixteenth places: The production factories GZ, NL, CL, LK, MH, and GH could learn from
the best-performing locations of TH, CK, HCMC, SH, GD, and GG. Although the worst-performing
factories were warehouse logistics centers without production activities, they could still improve
practices in areas such as energy and water conservation, and could optimize their logistics routes to
reduce TCO2 output.

It was inevitable to produce undesirable output from input resources on the manufacturing
process. All the slacks of 16 manufacturing sites were not possible to achieve ‘zero’ emission on
environmental impact even the first place TH that demonstrated slacks o VOC and TCO2 emission and
total waste generation from resource inputs on total energy consumption and total fresh water intake.
The manufacturing productivity is the best at TH site, they demonstrate their passion to find possible
innovative solutions to improve environmental performance to reduce water and energy consumption
and reduce environmental impact. So other sites benchmark from TH for sharing and learning.

The case company holds regular meeting to share best practices for nature resources conservation
and lower impact to environment. They conducted baseline survey for energy and water consumption
and involved engineering team to support innovative techniques to every site on renewable energy,
water and waste recycle program, bulk manufacturing instead of small batch of production, increase
boiler efficiency, HSE team monitors the solutions effectiveness and better control for achieving the
environmental target. Also they promote the sustainability campaign to promote green products
to engage with customers and employees for environmental friendly. Employees take initiatives
for resource conservation projects improvement for competition and reward for promoting the
environmental culture. These are value-added initiatives for sustainable improvements to mitigate
impact to the environment and protect stakeholder’s health and safety.

Again, by geographical location, we clustered the selected 16 production sites of the case company
into three subgroups: subgroup 1 included the factories located in North Asia (China and Taiwan),
subgroup 2 included the sites located in South Asia (India), and subgroup 3 those in Southeast Asia
(Singapore, Thailand, Vietnam, Indonesia, Malaysia, and Papua New Guinea). We then conducted an
ANOVA test to analyze the performance difference of the three groups in terms of their bad-output
CRS efficiency. The test results are presented in Table 5, which shows that the three subgroups did
not differ significantly in their bad outputs (p = 0.912129 > 0.05). We therefore deduced that the
sustainability performance of factories located in North, South, and Southeast Asia were statistically
similar. The reason is that the case company implemented HSE & Sustainability management system
for more than decades that strictly governed by Corporate HSE & Sustainability so the performance was
insignificant. The sustainability culture in the global company was embedded mature for continuous
improvement and business continuity in the long run.

Table 5. ANOVA of bad-output difference

Variable

Analysis of Variance (Bad-Output Efficiency. sta.)
Marked Effects are Significant at p < 0.050000

SS Effect df Effect MS Effect SS Error df Error MS Error F p

Bad-output CRS
efficiency 0.0124 2 0.0062 0.8732 13 0.0672 0.0926 0.9121

SD of
bad-output CRS 0.0269 2 0.0134 0.0612 13 0.0047 2.8546 0.0938

4.4. Sensitivity Analysis

We conducted a sensitivity analysis on Table 6 by running DEA bad-output model and window
analysis in order to see how score would change by removing every input variable (total energy
consumption, Total Fresh Water Intake—TFWI, Number of Hours Work Employees—NOHWE, and bad
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output variables (VOC, CO2, total waste, and total recordable rate). It demonstrated the changes rate is
slightly between 0–9% that did not affect much to the efficiency. The performance will be reduced for
15% if we exclude variable of TFWI. The water consumption is critical for the case company because it
required a fix percent of fresh water in the manufacturing process.

Table 6. Sensitivity analysis

DMU Original
Score

Remove
TEC

Remove
TFWI

Remove
NOHWE

Remove
VOC

Remove
CO2

Remove
TW

Remove
TRR

TH 0.977 0.9678 0.9767 0.9144 0.9674 0.9762 0.8781 0.9566

CK 0.9607 0.9559 0.9492 0.9568 0.937 0.9584 0.942 0.9241

HCMC 0.9041 0.8878 0.9136 0.8857 0.9053 0.7924 0.8312 0.8839

SH 0.8193 0.7944 0.506 0.8858 0.8328 0.8138 0.7142 0.8207

HB 0.8186 0.8303 0.7458 0.8004 0.8261 0.82 0.4404 0.8076

BD 0.8043 0.7896 0.7734 0.8391 0.8201 0.3058 0.7964 0.7933

JR 0.725 0.7169 0.6205 0.7548 0.6313 0.6873 0.7063 0.6675

LF 0.7142 0.6332 0.6168 0.7 0.7322 0.705 0.5964 0.7102

GZ 0.6955 0.7259 0.648 0.6171 0.7639 0.6884 0.6653 0.6672

GD 0.5333 0 0.4 0.4 0.5 0.5714 0.5714 0.5208

NL 0.5083 0.5504 0.4045 0.5142 0.5414 0.4995 0.5101 0.4669

CL 0.4495 0.5005 0.4354 0.3576 0.4382 0.4574 0.4007 0.4247

LK 0.3821 0.3757 0.3033 0.4107 0.4091 0.3732 0.3857 0.372

MH 0.3709 0.4704 0.2 0.3769 0.3932 0.3886 0.34 0.3716

GG 0.2889 0.4333 0 0.4333 0.2768 0.3214 0.2783 0.2942

GH 0.233 0.1829 0.1848 0.3235 0.2492 0.2267 0.2217 0.2604

Average
Performance 0.6365 0.6134 0.5424 0.6356 0.639 0.5991 0.5799 0.6214

Change % −4% −15% 0% 0% −6% −9% −2%

5. Discussions

The DEA method has been applied to many industrial scenarios to test the efficiency of resource
deployment and economic outcomes, but both the input resources and the output products are typically
assumed to be normal goods. We considered undesired outputs such as CO2 emissions, wasted water,
volatile organic compounds, and employees’ injuries and illnesses as bad outputs in measuring the
production efficiency of the chemical manufacturing company in the DEA model. The implications are
presented as follows:

5.1. Theoretical Implications

Yan et al. (2017) applied a non-radial DEA model to assess the sustainability performance of
the construction industry in 30 provinces in China, the inputs of are (number of employee, energy
consumption, total assets, and construction benefits). The desirable outputs are (newly increased
value and transferred value) and undesirable out is (CO2 emission during construction process).
Besides that, they conducted a regional input–output model to adjust the needs for improvement in
provinces toward optimizing their performance [70]. Zhou and Hu (2017) proposed a revision of a
two-stage DEA model to measure the sustainability performance of triple-bottom line (environment,
economic, society) in the railway industry in China, which the inputs are (labor, land, and capital),
the intermediate outputs are (railway mileage and railway density), the desire outputs are (passenger
turnover, freight turnover, and average salary growth), and the undesirable output is (dust) from the
production stage to service stage [71]. Oggioni et al. (2011) proposed a distance directional function
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of the DEA model to assess the inputs (labor, materials, capacity, and energy), desirable outputs
(cement), and undesirable outputs (carbon dioxide) in the chemical cement industry across 21 countries.
They used the DEA tool to improve the cement business by reducing undesirable emissions in line
with environmental policies and improve sustainable performance [72]. Li and Hu (2012) applied an
undesirable slacks-based measure of the DEA model to access the inputs (energy consumption, capital
stock, and labor), desirable outputs (real gross domestic product (GDP), and undesirable outputs
(carbon and sulfate dioxide) across 30 regions in China. They identified four factors and developed a
regression model for increasing the energy efficiency ratio to GDP of R&D expenditure on GDP, degree
of foreign dependence, secondary industry to GDP, and government subsidies of industrial pollution
prevention. The government subsequently considered changing the country’s high dependence on coal
to reduce both energy consumption and carbon and sulfate dioxide emissions [73]. Hua et al. (2007)
proposed non-radial linear programing of the DEA model to assess the non-discretionary input
(emission quotas of biochemical oxygen demand), inputs (labor and capital), and desirable (paper) and
undesirable (biochemical oxygen demand) outputs of 32 paper mills situated along the Hui River in
China. This approach can improve performance by reducing non-discretional inputs and undesirable
outputs [74].

Above DEA models of non-radial, SBM, DDF, and two-stage for improving sustainability
performance to minimize input and undesirable output. The central concept of the proposed method
is to use DEA techniques to reduce both inputs and undesirable outputs, which can be regarded as
inferior goods, to produce ecological and economic effects. The case applied for DEA bad-output
model that is substantially distinct from that of the traditional DEA model, which attempts to achieve
maximum favorable outputs by minimizing inputs alone.

5.2. Practical Implications

The manufacturing industry almost inevitably generates negative outputs in production processes.
For a global manufacturing company with multiple production sites worldwide, benchmarking the
sustainability performance of production factories in different locations with specific conditions and
advantages is a challenge for decision makers.

In the application case, a global chemical manufacturing company applied the framework of
the DEA method and the bad-output model to benchmark its 16 production factories in Asia. Setup,
energy, water, and manpower were identified as the input resources in the model, and CO2 emissions,
wasted water, chemical compounds, and laborers’ injuries were considered bad outputs. Relating these
measures to corporate social responsibility (CSR) allows the quality management systems ISO14001
and ISO26000 to be included. If we consider energy and fresh water as the inputs and production
volume as the output, the case company can achieve ‘green’ production, with chemical compounds,
wasted materials, and CO2 emissions as bad outputs. The requirements of WEEE, REACH, and the
United Nations Framework Convention on Climate Change (UNFCCC) can then be met.

By regarding sector man-hours as the input and employees’ injuries and illness as bad outputs,
the industrial safety dimension is considered and the stakeholders’ priority of CSR is supported.
Many interrelated business benefits can be derived from increased employee engagement, such as
increased loyalty, improved recruitment, increased retention, and higher productivity. By incorporating
safety indices into sustainability metrics, employees feel that their company is concerned about them
on the personal and professional levels. Over the long term, a company’s human capital can conduct
business in a sustainable way, thus encouraging business growth and environmental awareness.

5.3. Limitations and Future Research

Data collection is a potential technical problem in the application of DEA for sustainability, as the
number of DMUs influences decision quality when the DEA method is used. In the case study,
operational data from only 16 production sites were collected from 2018 to 2020, so DEA window
analysis was used to tackle the problem of a small number of DMUs, according to the rule of thumb



Energies 2020, 13, 5962 17 of 21

less than twice the product of inputs and outputs to overcome this shortage and to increase the
discrimination of the panel data. It can be extended to apply DEA Malmquist measure productivity
changes over time (Asmild et al., 2004).

The evaluation process could be taken as a practical reference for the chemical industry to benchmark
the sustainable performance of production sites and provide numerous comparative advantages. Future
research can apply it to other regions or industries for benchmarking sustainability performance.

The research was mainly on environmental and societal dimensions. The financial data is protected
at the case company that is not included for benchmarking, so it can be considered for future research.

The societal index was the total recordable rate that is lagging in the study, so it can be considered
more of a leading safety index as the good outputs to prevent injuries rather than injury happened for
taking investigation and improvement actions, such as contact rate and no. of base safety behaviors,
no. of leaders, and employee safety engagement for contributing to the value-added process in
global manufacturing.

5.4. Contributions

The contributions of Sustainable Manufacturing improvement summarized as the following
Figure 10. The criteria for benchmarking shall have the definition, target, scope, and object that can
collect the baseline for measurement. The case applied DEA bad-output model that can minimize
resource input and undesirable output by maximizing the good output. Therefore, the DMU ranked at
the top for each input or bad-output is the benchmark for other DMUs in the organization or network,
which can engage and satisfy employees or customers for sustainable continuous improvement on eco-
friendliness or mitigate the environmental impact while pursuing manufacturing excellence.
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6. Conclusions

Manufacturing companies are particularly concerned with how CSR can enable stakeholders
to meet the expectations of customers, the community, suppliers, local authorities, and employees.
By maximizing the production volume across all branches, the global chemical manufacturer in
the application case faced negative outputs from its processes, causing environmental deterioration
and affecting human health. Their challenge was to manage sustainable performance at multiple
manufacturing sites. We proposed a DEA bad-output model to evaluate the efficiency of DMUs and
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promote continued improvements through learning good practice from the DMUs at the frontier.
The model was applied to minimize the resource inputs (man hours, fresh water, and energy
consumption) and the bad outputs (total recordable injury and illness rate, solid waste, water, carbon
dioxide, and volatile organic compounds) by maximizing the finished goods, all of which were
considered aspects of the triple bottom line (ecological, economic, and social). Other research has
almost exclusively focused on the ecological and economic effects. Safety-related indices, such as the
input resources of manpower hours and the bad output of reportable injury and illness, were also
considered in terms of CSR. The results suggest that employees are willing to sustainably enhance their
productivity and performance by minimizing the effect on the ecology and their health. This study
can serve as a reference for the global manufacturing industry to measure, manage, and monitor
sustainable performance at multiple sites and create value-added processes that satisfy stakeholders.
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