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Abstract: This study explores a foundational logistics center location and allocation problem in a 
three-stage logistics network that consists of suppliers, logistics centers, and customers. In this 
study, the environmental sustainability of the logistics network is improved by optimizing the 
carbon dioxide emissions of the logistics network based on multi-objective optimization and carbon 
tax regulation. Mixed uncertainties in the planning stage, including the supply capacities of 
suppliers, operation capacities of logistics centers, and demands of customers, are modeled using 
triangular fuzzy numbers based on the fuzzy set theory to order to enhance the reliability of the 
logistics center location and allocation planning. To solve the green logistics center location and 
allocation problem under mixed uncertainties, we establish two fuzzy mixed integer linear 
programming models. The fuzzy credibilistic chance-constrained programming is then adopted to 
obtain the crisp and linear reformulations of the fuzzy programming models. A numerical case is 
given to verify the feasibility of the proposed methods, in which the performance of carbon tax 
regulation in reducing carbon dioxide emissions is then tested based on the benchmark provided 
by the multi-objective optimization. Lastly, sensitivity analysis and fuzzy simulation are utilized to 
reveal the effect of the mixed uncertainties on the logistics location and allocation planning and 
further determine the best confidence level in the fuzzy chance constraints to provide decision 
makers with a crisp plan. 

Keywords: location and allocation problem; logistics center; carbon dioxide emissions; carbon tax 
regulation; multi-objective optimization; uncertainties; fuzzy set theory; fuzzy linear programming; 
fuzzy chance-constrained programming 

 

1. Introduction 

A logistics center is the place where various kinds of logistics activities (e.g., picking-up and 
delivery of goods, materials handling, warehousing, and inventory management) are carried out [1]. 
It plays an important and core role in not only the logistics network but also the entire supply chain 
[2]. The number of logistics centers and their locations, as well as the good flow assignment around 
them, have significant effects on the performance of the logistics network in cost efficiency and 
customer service level [3,4]. Logistics centers consume the majority of the capital of constructing and 
operating logistics networks. As a result, it is believed that opening or closing logistics centers to 
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change the structure of the logistics network is highly expensive and time-consuming, and should be 
avoided in the practical operations and management of logistics networks [2,3]. Therefore, the 
logistics center location and allocation problem (also known as logistics network design problem) is 
a challenge faced by the decision makers in the planning stage, and is also a highlighted topic in the 
logistics planning field. Moreover, as shown in Figure 1, the three-stage logistics network that 
consists of suppliers, logistics centers, and customers is the most representative configuration of a 
logistics system. It can be flexibly modified to fit not only logistics systems [5,6] but also supply chain 
systems [7,8] and manufacturing systems [9,10]. Consequently, we explore the logistics center 
location and allocation problem in such a three-stage logistics network, and only consider the forward 
flows in such logistics network. However, besides forward flows, reverse flows are also important in 
the logistics activities, since more and more companies consider reverse logistics a profitable and 
sustainable business strategy and require logistics systems to provide them with recycling and 
reusing of used materials [11,12]. Therefore, although this study only formulates forward flows in 
the logistics center location and allocation problem, it should be clarified that reverse logistics is of 
significant importance in the logistics systems. 

 

Figure 1. A three-stage logistics network. 

Presently, environmental sustainability has been a concern of both the government and the 
public, and the question of how to promote sustainable development of all kinds of industries has 
gained attention in recent years. Global warming caused by greenhouse gas emissions is considered 
the biggest environmental issue that threatens sustainable development in human society [13]. 
Greenhouse gases include carbon dioxide, methane, and nitrous oxide. Since carbon dioxide accounts 
for approximately 80% of the greenhouse gas [14], reducing carbon dioxide emissions is 
acknowledged to be an effective way to control greenhouse gas emissions and realize environmental 
sustainability. Although electricity and heat production are believed to be the main sources of carbon 
dioxide emissions, according to the International Energy Agency [15], the logistics industry also 
contributes significantly to the emissions, since associated activities consume a large amount of both 
liquid and fossil fuels, which emit a significant amount of carbon dioxide, as well as large numbers 
of other pollutants, into the environment. Therefore, the logistics industry should take responsibility 
for controlling carbon dioxide emissions together with electricity and heating industries. As a result, 
besides improving the logistics economy, logistics planning should consider reducing carbon dioxide 
emissions as its responsibility and as part of a public goal to achieve green logistics [16]. In this study, 
we extend the logistics center location and allocation problem into a green version by optimizing 
carbon dioxide emissions and improving the economy of the logistics network. 

Furthermore, the logistics center location and allocation problem is a long-term plan [17]. Such 
planning should be designed in advance and then used to support the subsequent construction of 
logistics centers and operation of a logistics network. The parameters of the logistics network that 
determine the planning results cannot be held constant and usually change over time in the planning, 
construction, and operation stages [2]. In the logistics network, the supplies of suppliers and demands 
of customers are sensitive to the constantly changing market, and may change in response to the 
variation of the market environment, which results in the supply uncertainty and demand 
uncertainties. The construction of logistics centers cannot be accomplished in a short period. During 
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the construction, the policies, investment, land requisition, and other issues will influence the 
construction scales of logistics centers, which, in turn, will decide their capacities. Moreover, during 
the operation of a logistics center, bad weather, accidents, technical errors, and other issues will 
reduce the capacity of the logistics center. However, updating and purchasing equipment and 
facilities, employing more staff, utilizing new techniques, and taking part in other improvements will 
help enhance the capacities of logistics centers. Therefore, the operation capacities of logistics centers 
are difficult to determine in the planning stage. Above all, uncertain parameters should include the 
supply capacities of suppliers, the operation capacities of logistics centers, and the demands of 
customers. It is necessary to formulate these as uncertain parameters when modelling instead of 
deterministic parameters, since deterministic estimations of uncertain parameters lead to the 
underestimation and overestimation that considerably reduces the quality of the plan [18]. 
Consequently, we consider mixed uncertainties when modeling and optimizing the logistics center 
location and allocation problem for improved reliability. 

Above all, we discuss a green logistics location and allocation problem under mixed 
uncertainties. To solve the problem, we discuss the utilization of two carbon dioxide emission 
optimization methods, including multi-objective optimization and carbon tax regulation. We adopt 
fuzzy set theory to model the uncertain parameters, i.e., supply capacities of suppliers, operation 
capacities of logistics centers, and demands of customers, by triangular fuzzy numbers. Based on the 
carbon dioxide emission optimization methods, we provide two fuzzy linear programming models 
whose crisp reformulations can be obtained by a fuzzy credibility measure and fuzzy chance-
constrained programming. We also design a numerical case, in which the comparison between the 
two carbon dioxide emission optimization methods will be conducted, and the effects of the fuzziness 
on the problem optimization are quantified. 

The remaining sections of this study are organized as follows. In Section 2, a literature review is 
presented to indicate the research frontiers and research gaps of the logistics center location and 
allocation problem, so that our improvements on the problem can be clarified. In Section 3, two fuzzy 
linear programming models are established for the green logistics center location and allocation 
problem under mixed uncertainties. Then, in Section 4, based on the fuzzy credibility measure, fuzzy 
chance-constrained programming is adopted to carry out the defuzzification of the fuzzy models to 
generate their crisp and linear reformulations that can be effectively solved by an exact solution 
algorithm run by mathematical programming software. In Section 5, a numerical case is presented. 
The performance of carbon tax regulation in reducing carbon dioxide emissions of the logistics 
network is tested and the effect of the mixed uncertainties on the planning is quantified in this section. 
Lastly, the conclusions of this study and some managerial implications summarized from the case 
study are provided in Section 6. 

2. Literature Review 

The logistics center location and allocation problem (or logistics network design problem) has 
been a constantly highlighted topic in the logistics planning field, especially in relation to the rapid 
development of the logistics industry. Large numbers of articles on the relative topic can be found, 
which provide a solid foundation for us to carry out this study. In this section, we review the existing 
literature from the perspectives of how existing studies improve environmental sustainability and 
address uncertainties in the logistics center location and allocation problem. 

In this study, we selected the articles to be reviewed by using the Google Scholar search engine 
that records significantly more articles globally when compared with other databases. When selecting 
articles on the topic of green logistics, we focused on keywords “green logistics network design,” 
“location and allocation,” “carbon dioxide emissions,” and “carbon emission regulations.” We used 
keywords “reliable logistics network design,” “location and allocation,” and “uncertainty” to identify 
articles that dealt with the logistics network design problem under an uncertain environment. Since 
there were large numbers of related articles, we further selected articles that fell into the topics that 
we were interested in based on the following rules. First of all, the articles were published in the last 
two decades. Second, the articles were published by journals indexed by Engineering Village 
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Compendex Database or with impact factors released by journal citation reports or by famous 
conferences such as the IEEE conferences and Elsevier Procedia. 

Based on the criteria, we select 22 articles [1–8,19–32] to undertake the literature review. There 
are two articles [2,32] published by Journal of Transportation Systems Engineering & Information 
Technology that is indexed by an Engineering Village Compendex Database. Three articles [1,23,28] 
published by conference proceedings can be found, including one published by the IEEE conference 
[23] and two published by Elsevier Procedia [1,28]. The rest of the articles were all published by 
journals with impact factors, in which Computer & Industry Engineering published three references 
[5,6,21] that have the largest number of selected articles. Applied Mathematical Modelling published 
two references [26,27]. 

2.1. Review of the Green Logistics Center Location and Allocation Problem 

Carbon tax regulation is currently the most popular method used in the green logistics network 
or supply chain planning to reduce carbon dioxide emissions. For a detailed summarization, readers 
can refer to Xu et al.’s study [19]. Under carbon tax regulation, logistics activities are charged for each 
unit of carbon dioxide emission with a carbon tax [33]. The emission tax is then integrated into the 
cost objective of the logistics center location and allocation problem. By lowering the cost objective in 
the optimization of the problem, the carbon dioxide emissions, as part of the objective, can be reduced. 

Carbon tax regulation is simple and is easy to model in the planning problems with 
environmental concerns [34]. However, it does not always work out for all cases. In the green 
multimodal routing problem, Sun et al. [13] and Zhang et al. [35] found that the performance of 
carbon tax regulation in reducing carbon dioxide emissions depends on a large tax rate that is not 
feasible in the practical market and, if the tax rate is small, the carbon tax regulation only increases 
the cost of the multi-modal transportation without changing the multi-modal routes. Similarly, it is 
different to ensure that the carbon tax regulation must perform well in the green logistics center 
location and allocation planning. However, the existing literature only focuses on using sensitivity 
analysis to discuss the effect of the carbon tax rate on the logistics planning without deeply 
quantifying its performance in designing a green logistics network. 

Additionally, as an effective alternative to carbon tax regulation, multi-objective optimization is 
employed by many studies to solve the green logistics center location and allocation problem, e.g., 
Wang et al. [20], Pishvaee et al. [21], and Govindan et al. [22]. In these studies, the emission objective 
that aims to minimize the total carbon dioxide emissions of a logistics network is independent of the 
cost objective for planning. By using a weighted sum method, the ε-constraint method, or the 
normalized normal constraint method, Pareto solutions for the problem can be obtained to help 
decision makers make a tradeoff between the cost objective and the emission objective. Compared 
with the carbon tax regulation, multi-objective optimization is more straightforward without adding 
an additional cost to the logistics activities. 

It is clear that the Pareto solutions to the multi-objective optimization for the green logistics 
center location and allocation problem provide a benchmark that can be used to test the performance 
of carbon tax regulation in a quantitative way. Therefore, in this study, as an improvement to the 
existing literature, we utilize both carbon tax regulation and multi-objective optimization to optimize 
the problem, and then analyze the performance of carbon tax regulation based on the Pareto solutions 
provided by the multi-objective optimization. Through this analysis, we aim to find the best carbon 
tax rate for a given case and check if it is feasible in practice. 

2.2. Review of the Logistics Center Location and Allocation Problem under an Uncertain Environment 

Improving reliability is an important goal for transportation/logistics/supply chain planning. 
Uncertainty is the main issue that influences the reliability of planning [36,37]. The logistics center 
location and allocation problem under an uncertain environment receives extensive attention from 
the logistics planning field. There have been many studies that concern one source of uncertainty, in 
which demand uncertainty related to the logistics center location and allocation problem (logistics 
network design problem) has received the widest attention, e.g., Zhang et al. [23], Zhang and Xu [24], 
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Pishvaee et al. [25], Amin et al. [26], Hatefi and Jolai [27], and Shimizu et al. [28]. Studies that consider 
supply uncertainty can also be found, e.g., Lieckensab and Vandaeleab [29]. As indicated by Sun et 
al. [13], combining more than one source of uncertainty can further help enhance the reliability of the 
planning. However, there have been a few articles that consider mixed uncertainties when modeling 
the logistics center location and allocation problem. The formulation of both demand uncertainty and 
supply uncertainty are the common combination in these limited articles, e.g., Lee and Dong [30] and 
Zeballos et al. [31]. 

The uncertainty associated with logistics centers also exists in the logistics center location and 
allocation problem. Similar to the reason that results in supply and demand uncertainty, the 
operation capacities of logistics centers cannot be modeled in a deterministic way. Therefore, in the 
logistics network, there are three kinds of parameters that are uncertain in the logistics center location 
and allocation planning: supply capacities of suppliers, operation capacities of logistics centers, and 
demands of customers. In this study, the mixed uncertainties that cover all the participants in the 
three-stage logistics network will be comprehensively formulated in the optimization, which further 
improves the reliability of planning when compared with considering only one or part of the 
uncertainties. 

Moreover, stochastic programming is employed by the majority of related studies to deal with 
the uncertainty, while fuzzy set theory and fuzzy programming are less popular compared with the 
above two methods. However, as stated by Zarandi et al. [38] and Zheng and Liu [39], using fuzzy 
programming is more applicable in practice, since it does not need large-scale historical data required 
by stochastic programming, but unattainable in most cases to fit the possibility distributions of 
uncertain parameters. Based on fuzzy set theory introduced by Zadeh [40], uncertain parameters can 
be effectively represented by fuzzy numbers, and objectives and constraints that contain fuzzy 
parameters can be addressed by fuzzy programming. As a result, in this study, we build fuzzy 
programming models to deal with the problem using the fuzzy set theory to describe the fuzzy 
parameters. This method is similar to the one developed by Pishvaee et al. [21]. The differences 
include using a different kind of fuzzy numbers to formulate the fuzzy parameters and propose a 
different analysis method to explore the effect of the fuzziness on the planning. 

2.3. Research Gaps 

Overall, through the literature review presented in Sections 2.1 and 2.2, we find that there are 
still research gaps for the green logistics center location and allocation problem in an uncertain 
environment. 

(1) The effectiveness of carbon tax regulation in reducing carbon dioxide emissions of the 
logistics network needs to be demonstrated, since there are a few studies on other topics (e.g., Sun et 
al. [13]) finding that carbon tax regulation sometimes does not work. However, the existing literature 
only focuses on the use of regulation without discussing its effectiveness in a quantitative way. 

(2) There is more than one method to reduce carbon dioxide emissions, e.g., carbon tax 
regulation and multi-objective optimization. Consequently, in practical decision making, decision 
makers should decide which method is more useful. However, there are currently no relative articles 
that systematically analyze this issue. 

(3) The sources of uncertainty are not fully covered by the existing literature. Among the related 
studies, the majority only concerns one source. A few articles consider the combination of supply 
uncertainty and demand uncertainty. However, the capacity uncertainty of logistics centers has 
rarely gained attention. 

(4) The stochastic programming used by the majority of studies is different to realize due to its 
excessive demand for large-scale historical data that is difficult to obtain in most cases. Therefore, it 
is worthwhile to try to use fuzzy programming to model the uncertain logistics center location and 
allocation problem and, accordingly, explore the effects of the fuzziness on the problem optimization. 

2.4. Research Works 
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Consequently, the following two improvements in enhancing environmental sustainability and 
reliability of the planning can still be made. 

(1) Comparing the performances of multi-objective optimization and carbon tax regulation in 
reducing carbon dioxide emissions, and helping decision makers to determine the more efficient 
method to be used for the green logistics center location and allocation problem. 

(2) Improving the reliability of the logistics center location and allocation planning by 
considering mixed uncertainties of all the participants in the logistics network, selecting suitable 
methods to model the uncertainties and the planning problem under mixed uncertainties, and deeply 
analyzing the effect of mixed uncertainties for planning to provide decision makers with helpful 
insights. 

To achieve the above two goals, our work covers five aspects. 
(1) Two carbon dioxide emission optimization methods, known as multi-objective optimization 

and carbon tax regulation, are used in the green logistics center location and allocation problem. 
(2) Based on the fuzzy set theory, the uncertain parameters, i.e., supply capacities of suppliers, 

operation capacities of logistics centers, and demands of customers, are modelled by triangular fuzzy 
numbers. 

(3) Two fuzzy linear programming models are proposed to deal with the green logistics center 
location and allocation problem under mixed uncertainties. The fuzzy constraints that contain fuzzy 
parameters are further addressed by a fuzzy credibility measure and fuzzy chance-constrained 
programming to realize the defuzzification of the fuzzy models. 

(4) The performance of carbon tax regulation in reducing carbon dioxide emissions of the 
logistics network is verified based on the benchmark, i.e., Pareto solutions, provided by the multi-
objective optimization in a numerical case. 

(5) Based on the same numerical case, the effect of the mixed uncertainties on the green logistics 
center location and allocation planning is quantified by sensitivity analysis and fuzzy simulation. The 
approach to determine the best confidence level for the fuzzy chance constraints is developed. 

3. Fuzzy Linear Programming Models 

In this section, we establish two fuzzy linear programming models for the green logistics center 
location and allocation problem under mixed uncertainties, according to the steps illustrated by 
Figure 2, which is provided to help readers better understand how this study was modelled. 
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Figure 2. Modelling steps for the green logistics center location and allocation problem under mixed 
uncertainties. 

3.1. Modeling Mixed Uncertianties 

In this study, uncertain parameters of the logistics network are modeled by fuzzy numbers based 
on the fuzzy set theory. The following three kinds of fuzzy numbers are commonly used forms to 
model fuzziness [41]. 

(1) interval fuzzy numbers [32,42], 
(2) triangular fuzzy numbers [13,37,43,44], 
(3) trapezoidal fuzzy numbers [18,42,45]. 
The advantage of using triangular fuzzy numbers to describe fuzzy parameters has been 

indicated by Özceylan and Paksoy [43] and Sun and Li [37]. They can fully reflect the various opinions 
of different decision makers on estimating fuzzy parameters and keep the associated fuzzy arithmetic 
operations simpler and more flexible. 

Triangular fuzzy numbers use pessimistic and optimistic estimations to describe fuzzy 
parameters [13,37,43,44]. The definitions of the estimations are given as follows. 

(1) Pessimistic estimation refers to the values of fuzzy parameters in the worst case, which has a 
low probability of occurring in practice. In this case, suppliers and logistics centers suffer from a 
capacity shortage and customers having insufficient demands. 

(2) Most likely, estimation is associated with the most realistic case and represents the values of 
fuzzy parameters in most cases. 

(3) Optimistic estimation matches the best case, which is as unlikely as the worst case in the real 
world, in which the suppliers and logistics centers have sufficient capacities and customers show 
positive demands. 

Consequently, this study continues to use triangular fuzzy numbers to model the fuzzy supply 
capacities of suppliers, the fuzzy operation capacities of logistics centers, and the fuzzy demands of 
customers. 

3.2. Notation 

Determine the form of fuzzy numbers that 
used to model the uncertain parameters

Determine the methods on improving the 
environmental sustainability of the planning

Triangular fuzzy nummbers

Multiobjective optimization
vs.

Carbon tax regulation

Establish optimization models

Establish optimization 
objective(s)

Flow conservation constraint 
of logistics centers

Supply capacity constraint of 
suppliers

Demand constraint of 
customers

Variable compatibility 
constraint

Variable domain constraint

Establish constraints

Multiobjective optimization Carbon tax regulation

· Cost objective
· Emission objective

Cost objective that 
contains carbon dioxide 

emission tax

Fuzzy linear 
programming model 
under multiobjective 

optimization

Fuzzy linear 
programming model 

under carbon tax 
regulation
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• Sets 𝑁 : Set of the candidate logistics centers in the logistics network. 𝑁 : Set of the suppliers in the logistics network. 𝑁 : Set of the customers in the logistics network. 𝑁: Set of the nodes in the logistics, where 𝑁 = 𝑁 ∪ 𝑁 ∪ 𝑁 . 

• Indexes 𝑖, 𝑗,ℎ: Indexes of nodes in the logistics network, where 𝑖, 𝑗, ℎ ∈ 𝑁. 

• Network Parameters �̃� = 𝑠 , 𝑠 , 𝑠 : Fuzzy supply capacity in ton per year of supplier 𝑖, where 𝑖 ∈ 𝑁 . �̃� = 𝑒 , 𝑒 , 𝑒 : Fuzzy operation capacity in ton per year of candidate logistics center 𝑖, where 𝑖 ∈ 𝑁 . 𝑣 = 𝑣 , 𝑣 , 𝑣 : Fuzzy demand in ton per year of customer 𝑖, where 𝑖 ∈ 𝑁 . 𝑑 : Travel distance in kilometer from node 𝑖 to node 𝑗, where 𝑖, 𝑗 ∈ 𝑁. 

• Cost Parameters 𝑔: Travel cost in CNY per ton per kilometer of trucks, where CNY is the abbreviation of Chinese 
yuan, the Chinese monetary unit. 𝑐 : Fixed construction cost in CNY of candidate logistics center 𝑖, where 𝑖 ∈ 𝑁 . 𝑓 : Operation cost in CNY per ton per year of candidate logistics center 𝑖, where 𝑖 ∈ 𝑁 . 𝑐 : Carbon tax rate in CNY per kilogram. 

• Emission Parameters 
The logistics network consists of nodes (i.e., suppliers, logistics centers, and customers) and 

directed arcs that connect the nodes. Logistics activities that generate carbon dioxide emissions take 
place in both nodes (e.g., loading and unloading operations) and arcs (e.g., transportation). Therefore, 
nodes and arcs are the sources of carbon dioxide emissions. In this study, we define the following 
two parameters in order to calculate the carbon dioxide emissions of the logistics network. 𝑒𝑚 : Carbon dioxide emission factor in kilogram per ton of node 𝑖 , i.e., the carbon dioxide 
emitted by node 𝑖 when handling one ton of goods, where 𝑖 ∈ 𝑁. 𝑒𝑚 : Carbon dioxide emission factor in kilogram per ton per kilometer of the transportation line 
from node 𝑖 to node 𝑗, i.e., the carbon dioxide in kilogram emitted by moving one ton of goods and 
one kilometer on the transportation line from node 𝑖 to node 𝑗, where 𝑖, 𝑗 ∈ 𝑁. 
• Auxiliary Parameter 𝑀: A sufficiently large positive number. 

• Decision Variables 𝑥 : Non-negative variable that represents the freight volume in ton distributed from node 𝑖 to 
node 𝑗. 𝑦 : 0-1 variable. If candidate logistics center 𝑖 is selected, 𝑦 =1. Otherwise, 𝑦 = 0, where 𝑖 ∈ 𝑁 . 

3.3. Fuzzy Mixed Integer Linear Programming Models 

• Objectives under multi-objective optimization 
Under the multi-objective optimization, the optimization model for the green logistics center 

location and allocation problem yields two independent objectives (i.e., cost objective and emission 
objective) but one set of constraints. There is no additional cost for carbon dioxide emissions when 
using multi-objective optimization to improve the environmental sustainability of the planning. In 
this study, the two objectives are built as follows. There exists more than one Pareto solution to the 
problem that can be obtained by, for example, the weighted sum method. 
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minimize 𝑔 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑐 ∙ 𝑦∈ + 𝑓 ∙ 𝑥∈∈ , (1)

Equation (1) is the cost objective. It aims to minimize the construction and operation cost for 
constructing and operating the logistics network. minimize 𝑒𝑚 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑒𝑚 + 𝑒𝑚 ∙ 𝑥∈∈ + 𝑒𝑚 ∙ 𝑥∈∈ , (2)

Equation (2) is the emission objective meant to minimize the total carbon dioxide emissions of 
the logistics network. 

Based on the two equations above, we can establish the objectives of the green logistics center 
location and allocation problem under carbon tax regulation shown as Equations (3). 
• Objective under carbon tax regulation 

Under carbon tax regulation, the activities in the logistics network are charged for each unit of 
carbon dioxide emission with a tax, which is its first difference from the multi-objective optimization. 
The carbon dioxide emissions can be, thereby, converted into part of the logistics network cost. 
Consequently, when using carbon tax regulation, there is only one objective shown as Equation (3) 
that aims at minimizing the total cost of the logistics network containing construction, operation, and 
carbon dioxide emission costs. Equation (3) can be considered as the weighted sum of Equation (1) 
and Equation (2), in which the weights distributed to Equation (1) and Equation (2) are 1 and 𝑐 , 
respectively. When 𝑐  is set by decision makers, there is only one optimal solution to the problem, 
which is the second difference from the multi-objective optimization. minimize 𝑔 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑐 ∙ 𝑦∈ + 𝑓 ∙ 𝑥∈∈+𝑐 ∙ 𝑒𝑚 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑒𝑚 + 𝑒𝑚 ∙ 𝑥∈∈ + 𝑒𝑚 ∙ 𝑥∈∈

, (3)

• Constraint Sets 𝑥∈ − 𝑥∈ = 0 ∀𝑗 ∈ 𝑁 , (4)

Equation (4) is the flow conservation constraint of candidate logistics centers. It ensures that 
there are no goods created or kept by the logistics center during the logistics process. 𝑥∈ ≤ �̃� ∀𝑖 ∈ 𝑁 , (5)

Equation (5) is the supply capacity constraint of suppliers. It ensures that the goods volume 
supplied by each supplier should not exceed its supply capacity. 𝑥∈ ≥ 𝑣 ∀𝑗 ∈ 𝑁 , (6)

Equation (6) is the demand constraint of customers. It ensures that the goods volume received 
by each customer should not be lower than its demand. 𝑥∈ ≤ �̃� ∀𝑗 ∈ 𝑁 , (7)

Equation (7) is the operation capacity constraint of candidate logistics centers. It ensures that the 
goods volume handled by each candidate logistics center should not exceed its operation capacity. 𝑀 ∙ 𝑦 ≥ 𝑥∈ ∀𝑖 ∈ 𝑁 , (8)
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Equation (8) is the variable compatibility constraint among variables. It ensures that the 
candidate logistics center can be selected only when goods are assigned to it. In particular, when the 
candidate logistics center is not selected, then ∑ 𝑥∈  = 0, which leads to 𝑦 ≥ 0, according to the 
equation. Then minimization of the objective will set 𝑦  equal to 0. 𝑥 ≥ 0 ∀𝑖 ∈ 𝑁 ∀𝑗 ∈ 𝑁, (9)𝑦 ∈ 0, 1 ∀𝑖 ∈ 𝑁 , (10)

Equations (9) and (10) are the variable domain constraints that ensure the values of the variables 
should follow their respective definitions. 

4. Defuzzification Based on Fuzzy Chance-Constrained Programming 

The mathematical model proposed in Section 3 involves fuzzy parameters. Consequently, it 
cannot provide decision makers with crisp logistics network plans. In order to obtain the best plan 
by solving the model, defuzzification should be conducted to generate an equivalent crisp model. 
Fuzzy chance-constrained programming is widely acknowledged to be an effective approach to deal 
with the fuzzy constraint. In this section, we implement the defuzzification of the fuzzy constraints 
based on the steps shown in Figure 3. 

 

Figure 3. Defuzzification steps. 

4.1. Step 1: Selection of a Fuzzy Measure 

Based on any one of the fuzzy possibility, necessity, and credibility measures, fuzzy chance-
constrained programming can convert fuzzy constraints into fuzzy chance constraints in which the 
possibility/necessity/credibility that the fuzzy event associated with a certain fuzzy constraint holds 
should not be lower than a prescribed confidence level. The confidence level falls in the range [0,1] 
and is determined by decision makers based on their preference. As indicated by various studies 
[13,18,37], the uncertainty will influence the optimization results through the confidence level. 

The selection of fuzzy measure determines the modeling of fuzzy chance constraints. As stated 
by Zarandi et al. [38], Zheng and Liu [39], and Cao and Lai [46], fuzzy possibility and necessity 
measures are not self-dual, since a fuzzy event might fail even though its possibility is 1 and hold 
even if its necessity is 0. On the contrary, a fuzzy credibility measure is self-dual and can ensure that 
a fuzzy event definitely holds when its credibility is 1 and fails when its credibility is 0 [38,39,46]. 
Such a characteristic makes it the most widely used measure in the fuzzy chance-constrained 
programming. By contrast, there is no literature that uses a fuzzy necessity measure, and a few 
studies, e.g., Gen et al. [47] and Mula et al. [48], adopt a fuzzy possibility measure. Utilizations of the 
three fuzzy measures in the literature, in turn, reflect their feasibility to a certain degree. 
Consequently, we can draw the conclusion that the fuzzy credibility measure is most suitable for 
establishing fuzzy chance constraints. 

4.2. Step 2: Construction of Fuzzy Chance Constraints 

In this study, we use the fuzzy credibility measure to build the fuzzy chance constraints for the 
supply capacity constraint, the demand constraint, and the operation capacity constraint that 
involves fuzzy parameters, which are shown as Equations (11) to (13). 

Determine fuzzy measure used 
to measure fuzzy events:
Fuzzy credibility measure

Establish fuzzy chance constraints that 
have following form:

Cr {#} ≥ α
where # denotes a fuzzy event, Cr is the 

credibility that # holds, and α is the 
confidence level

Remove Cr { } to obtain the 
crisp reformulations of the 
fuzzy chance constraints
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𝐶𝑟 𝑥∈ ≤ �̃� ≥ α ∀𝑖 ∈ 𝑁 , (11)

𝐶𝑟 𝑥∈ ≥ 𝑣 ≥ α ∀𝑗 ∈ 𝑁 , (12)

𝐶𝑟 𝑥∈ ≤ �̃� ≥ α ∀𝑗 ∈ 𝑁 , (13)

In the above equations, 𝐶𝑟   is the credibility that the fuzzy event in   holds. α ∈ 0, 1  is the 
confidence level. 

4.3. Step 3: Crisp and Linear Reformations of Fuzzy Chance Constraints 

According to Zheng and Liu [39], Sun et al. [13], and Sun and Li [37], a triangular fuzzy number 𝑎 = 𝑎 , 𝑎 ,𝑎 , where 𝑎 ≤ 𝑎 ≤ 𝑎 , and a deterministic number 𝑟  have a relationship, which 
shown in Equation (14). 

𝐶𝑟 𝑎 ≥ 𝑟 =
⎩⎪⎨
⎪⎧ 1 if 𝑟 ≤ 𝑎2𝑎 − 𝑎 − 𝑟2 𝑎 − 𝑎 if 𝑎 ≤ 𝑟 ≤ 𝑎𝑎 − 𝑟2 𝑎 − 𝑎 if 𝑎 ≤ 𝑟 ≤ 𝑎0 if 𝑟 ≥ 𝑎

, (14)

According to our previous studies [13,37,49], 𝐶𝑟 𝑎 ≥ 𝑟 ≥ α  can be further modified into 
Equations (15) and (16), which is illustrated by Figure 4. 

 
Figure 4. Crisp reformulation of 𝐶𝑟 𝑎 ≥ 𝑟 ≥ α. 

2α ∙ 𝑎 − 2α − 1 ∙ 𝑎 ≥ 𝑟 if α ∈ 0, 0.5 , (15)2 1 − α ∙ 𝑎 + 2α − 1 ∙ 𝑎 ≥ 𝑟 if α ∈ 0.5, 1.0 , (16)

According to Equations (15) and (16), fuzzy chance constraint Equation (11) can be rewritten as 
Equations (17) and (18), which are crisp and linear functions. 2α ∙ 𝑠 − 2α − 1 ∙ 𝑠 ≥ 𝑥∈ ∀𝑖 ∈ 𝑁 if α ∈ 0, 0.5 , (17)

0

0.5

1.0

Cr

r
a1 a2 a3

0.5 ≤ α ≤ 1.0

0 ≤ α ≤ 0.5

Range of r
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2 1 − α ∙ 𝑠 + 2α − 1 ∙ 𝑠 ≥ 𝑥∈ ∀𝑖 ∈ 𝑁 if α ∈ 0.5, 1.0 , (18)

Fuzzy chance constraint Equation (12) is equivalent to Equation (19). 𝐶𝑟 𝑥∈ − 𝑣 ≥ 0 ≥ α ∀𝑗 ∈ 𝑁 , (19)

According to the fuzzy arithmetic operations of triangular fuzzy numbers, the left-hand formula 𝐶𝑟 ∑ 𝑥∈ − 𝑣 ≥ 0  of Equation (19) can be modified into formula 𝐶𝑟 ∑ 𝑥∈ − 𝑣 ,∑ 𝑥∈ −𝑣 ,∑ 𝑥∈ − 𝑣 ≥ 0 . Therefore, Equation (12) can be converted into Equations (20) and (21). 

2α ∙ 𝑥∈ − 𝑣 − 2α − 1 ∙ 𝑥∈ − 𝑣 ≥ 0 ∀𝑗 ∈ 𝑁 if α ∈ 0, 0.5 , (20)

2 1 − α ∙ 𝑥∈ − 𝑣 + 2α − 1 ∙ 𝑥∈ − 𝑣 ≥ 0 ∀𝑗 ∈ 𝑁 if α ∈ 0.5, 1.0 , (21)

Similar to the modification of Equation (11) into Equations (17) and (18), fuzzy chance constraint 
Equation (13) can be reformulated as Equations (22) and (23), which are also crisp and linear. 2α ∙ 𝑒 − 2α − 1 ∙ 𝑒 ≥ 𝑥∈ ∀𝑗 ∈ 𝑁 if α ∈ 0, 0.5 , (22)

2 1 − α ∙ 𝑒 + 2α − 1 ∙ 𝑒 ≥ 𝑥∈ ∀𝑗 ∈ 𝑁 if α ∈ 0.5, 1.0 , (23)

After the defuzzification, we can obtain two crisp linear models. The first model yields two 
objectives including Equations (1) and (2). The second model is for the green logistics center location 
and allocation problem under carbon tax regulation, and its objective is shown in Equation (3). The 
two models share the same constraints that include Equations (4), (8)–(10), (17), (18), and (20)–(23). 
Since these models are linear, they can be effectively solved by an exact solution algorithm (e.g., 
branch-and-bound algorithm) run by mathematical programming software (e.g., LINGO). 

5. Computational Experiments 

5.1. Numerical Case Description 

In this section, we design a numerical case that includes three suppliers, three candidate logistics 
centers, and two customers to discuss the feasibility of the proposed fuzzy programming methods in 
dealing with the problem. The numerical case is indicated by Figure 5. Although the structure of the 
logistics is designed manually, the values of the parameters in the numerical case presented in Table 
1 and Table 2 are set by referring to the real-world data of China. 
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Figure 5. Numerical case. 

In the numerical case, the travel distances and carbon dioxide emission factors of all the 
transportation lines are given in Table 1. Moreover, as reported by the National Development and 
Reform Commission of China, the road full-truck-load freight cost in January and February 2019 is 
0.46 CNY per ton per kilometer [50]. However, this administration also points out that the cost trend 
is decreasing due to the national policy of transferring road freight to railways and waterways. 
Consequently, in this study, considering the logistics center location and allocation optimization as a 
long-term planning, we set the travel cost, i.e., 𝑔 defined in Section 3.2, as 0.4 CNY per ton per 
kilometer. 

Table 1. Travel distances and carbon dioxide emission factors of the transportation lines. 

Transportation 
Line 

Travel 
Distances in 

Kilometer 

Emission Factor 
in Kilogram per 

ton per 
Kilogram 

Transportation 
Line 

Travel 
Distances in 

Kilometer 

Emission Factor 
in Kilogram per 

ton per 
kilometer 

(1, 4) 25 0.10 (3, 6) 30 0.08 
(1, 5) 38 0.06 (4, 7) 35 0.08 
(1, 6) 50 0.08 (4, 8) 50 0.07 
(2, 4) 46 0.04 (5, 7) 45 0.04 
(2, 5) 25 0.07 (5, 8) 30 0.10 
(2, 6) 30 0.05 (6, 7) 60 0.06 
(3, 4) 65 0.07 (6, 8) 40 0.04 
(3, 5) 48 0.04    

The fuzzy supply capacities of suppliers, fuzzy operation capacities of candidate logistics centers, 
and fuzzy demands of customers as well as their carbon dioxide emission factors are given in Table 
2. The construction cost and operation cost of the logistics centers are also presented in Table 2. 

Table 2. Values of the parameters associated with nodes in the logistics network. 

Supplier

Logistics center

Demander

Transportation line

1

2

3

4

5

6

7

8
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Nodes 

Fuzzy Supply 
Capacities in 

Thousand 
Ton 

Fuzzy 
Operation 

Capacities in 
Thousand Ton 

Fuzzy 
Demands in 
Thousand 

Ton 

Emission 
Factors in 
Kilogram 

Construction 
Cost in Million 

CNY 

Operation 
Cost in CNY 

per Ton 

1 160, 190, 210   2.50   
2 160, 220, 230   2.00   
3 120, 150, 170   1.50   
4  160, 210, 230  3.00 1000 7.0 
5  200, 250, 270  4.50 1200 5.0 
6  130, 170, 190  2.00 900 6.0 
7   130, 150, 170 3.00   
8   160, 180, 250 2.50   

In this study, we use mathematical programming software LINGO version 18.0 (LINDO Systems 
Inc., Chicago, IL, USA [51]) to run the standard branch-and-bound algorithm to solve the green 
logistics center location and allocation problem under mixed uncertainty on a MacBook Pro Laptop 
with Intel Core i5, 2.3 GHz CPU, and 8GB RAM (Apple Inc., California, USA), and obtain the global 
optimum solutions to the problem. 

5.2. Multi-Objective Optimization Analysis 

We set the confidence level α to 0.9, and undertake a multi-objective optimization for the green 
logistics center location and allocation problem. In order to generate the Pareto solutions to the 
problem, we employ the weighed sum method [52] to combine the cost objective and emission 
objective together into one objective indicated by Equation (24), where 𝑤  and 𝑤  are the non-
negative weights distributed to the two objectives. 

minimize 𝑤 ∙ 𝑔 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑐 ∙ 𝑦∈ + 𝑓 ∙ 𝑥∈∈+𝑤 ∙ 𝑒𝑚 ∙ 𝑥 ∙∈∈ 𝑑 + 𝑒𝑚 + 𝑒𝑚 ∙ 𝑥∈∈ + 𝑒𝑚 ∙ 𝑥∈∈
, (24)

Consequently, we can obtain a single-objective mixed integer linear programming model whose 
objective is Equation (24) and constraints contain Equations (4), (8)–(10), (17), (18), and (20)–(23). We 
can then vary the values of the two weights, solve the model under each combination of weight values, 
and obtain the Pareto solutions to the problem shown in Figure 6. 
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Figure 6. Pareto solutions to the green logistics center location and allocation problem. 

It can be observed from Figure 6 that the cost objective and emission objective cannot reach their 
respective optima simultaneously. If the decision makers improve one objective, the other will be 
worsened. The Pareto solutions presented in Figure 6 can effectively help decision makers select the 
most suitable candidate based on their preference in a certain case. In particular, compared with the 
first solution on the left, the second one can help reduce the carbon dioxide emissions by 
approximately 5.8% with a slight increase of the cost objective by approximately 0.017%. 

5.3. Sensitivity of the Optimization Results with Respect to the Carbon Tax Regulation 

When the confidence level α is set to 0.9, we analyze the sensitivity of the optimization results 
with respect to the carbon tax emission regulation. We increase the carbon tax rate in CNY per 
kilogram from 0.1 to 24 with a step of 0.01. Then, we optimize the problem under each carbon tax 
rate, and obtain the construction and operation cost of the logistics network based on Equation (1), 
and carbon dioxide emissions based on Equation (2), under different carbon tax rates. Carbon tax 
rates, whose corresponding construction and operation cost as well as carbon dioxide emissions have 
the same values, form a range. For example, when the carbon tax rate in CNY per kilogram increases 
from 0 to 1.68, both values of construction and operation cost and carbon dioxide emissions remain 
the same. Moreover, 1.68 CNY per kilogram is the upper bound, since the above-mentioned values 
change when the carbon tax rate in CNY per kilogram increase from 1.68 to 1.69 by the given step. 
Consequently, [0, 1.68] is a carbon tax rate range, and 1.69 CNY per kilogram is the lower bound of 
the successive range. Lastly, we can find all the carbon tax rate ranges that correspond to the six 
Pareto solutions shown in Figure 6. The sensitivity is shown in Figure 7. 

 
Figure 7. Sensitivity of the optimization results with respect to the carbon tax regulation. 

As we can see from Figure 7, the carbon emissions are sensitive to the carbon tax regulation 
when the carbon tax rate increases from the range [0.1, 1.68] to the range [1.69, 5.7]. For example, if 
the carbon tax rate increases from 1.68 CNY per kilogram to 1.69 CNY per kilogram by approximately 
0.6%, the carbon dioxide emissions will decrease by approximately 5.8%. However, when the carbon 
tax rate exceeds the range [1.69, 5.7], a significant increase of the carbon tax rate only slightly 
decreases the carbon dioxide emissions, while leading to a heavy economic burden. For example, 
increasing the carbon tax rate from 1.69 CNY per kilogram to 24 CNY per kilogram results in reducing 
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carbon dioxide emissions by only approximately 3.5%. In these cases, the performance of carbon tax 
regulation in reducing carbon dioxide emissions is restricted. 

Furthermore, when the carbon tax rate varies within a certain range, as shown in Figure 7, the 
carbon emissions of the logistics network remain unchanged, as do the construction and operation 
cost of the logistics network. As a result, increasing the carbon tax rate within a certain range does 
not help reduce carbon dioxide emissions, but only worsens the economy of the logistics network. 
For each range, its lower bound is the best. Therefore, for the case presented in Section 5.1, the best 
carbon tax rate should be 1.69 CNY per kilogram. 

5.4. Sensitivity of the Carbon Tax Regulation with Respect to the Confidence Level 

We can calculate the performance of the best carbon tax rates under different confidence levels 
in reducing the carbon dioxide emissions, as shown in Equation (25). 𝑝𝑒𝑟𝑓𝑜𝑟𝑚 = 𝑒𝑚 − 𝑒𝑚𝑒𝑚 − 𝑒𝑚 ∙ 100%, (25)

where 𝑝𝑒𝑟𝑓𝑜𝑟𝑚  is the performance of the best carbon tax rate under confidence level α, and 𝑒𝑚  
and 𝑒𝑚  are the minimum emission value and maximum emission value in kilograms of the 
Pareto solutions under confidence level α, respectively. 𝑒𝑚  is the emissions in kilograms under the 
best carbon tax rate under confidence level α. We also obtain the best carbon tax rates under different 
confidence levels based on the analysis that generates Figure 7. The results are indicated in Figure 8. 

 
Figure 8. Performances of the best carbon tax rates under different confidence levels. 

As shown in Figure 8, the carbon dioxide emissions of the logistics network decrease 
considerably when using carbon tax regulation under the best tax rates. Confidence levels have great 
influences on the carbon tax regulation. It can be observed that the performance of the best carbon 
tax rate is best when the confidence level is set to 0.9, which also corresponds to the minimum carbon 
tax rate of 1.69 CNY per kilogram. The worst performance is under a confidence level of 0.8, and can 
be only achieved by using a relatively high tax rate of 11.82 CNY per kilogram. 

5.5. Comparison between Multi-Objective Optimization and Carbon Tax Regulation 

After obtaining the best carbon tax rate, decision makers would also like to know whether the 
rate can be used in practice or not, which determines whether the carbon tax regulation can be 
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adopted. As claimed by Sun et al. [13], a small rate might be infeasible in reducing carbon dioxide 
emissions, since the carbon emission tax does not dominate the cost of the system. Moreover, a large 
rate might be helpful to lower the emissions to a certain degree, but might not be applicable in 
practice considering the practical market situation. If the carbon tax regulation is not applicable, 
decision makers can use multi-objective optimization as an alternative. Since the values of parameters 
in the numerical case are set by referring to the real-world data of China, we will discuss the 
effectiveness of the carbon tax regulation under the Chinese scenario. 

As stressed by the Chinese Academy of Environmental Planning, the carbon tax rate for China 
by year 2030 is suggested to be 0.04 (lower level), 0.1 (medium level), or 0.2 (upper level) CNY per 
kilogram [53]. All these rates fall into ranges that are not large enough to cut carbon dioxide emissions. 
Moreover, compared with the recommended rates, the best carbon tax rates under different 
confidence levels are considerably large, which might not be feasible in the practical carbon tax 
regulation. 

As a result, when the presented case relates to the Chinese scenario, we can draw the conclusion 
that using a multi-objective objective is more effective than the carbon tax regulation, especially 
considering the carbon tax regulation is currently in a pilot stage in China and it is difficult to 
determine a practical carbon tax rate. By using multi-objective optimization, we can obtain emission 
optimized solutions without adding any additional cost for the logistics network. 

5.6. Sensitivity of the Pareto Solutions with Respect to the Confidence Level 

In this section, we vary the confidence level of the fuzzy chance constraints from 0.5 to 1.0 with 
a step of 0.1, which generates Pareto solutions to the logistics center location and allocation problem 
under each confidence level. The computational results are listed in Table 3. In this table, the numbers 
are presented as a cost objective in hundred thousand CNY and an emission objective in 100 ton. 

Table 3. Sensitivity of the Pareto solutions with respect to the confidence level. 

Confidence 
Level 

0.5 0.6 0.7 0.8 0.9 1.0 

Pareto 
Solutions 

to the 
Problem 

(19,108.0, 
38.42) 

(19,114.8, 
41.26) 

(21,119.6, 
44.47) 

(22,113.4, 
52.88) 

(31,119.7, 
52.96) 

(31,127.4, 
54.01) 

(19,112.2, 
37.84) 

(19,118.5, 
40.75) 

(21,119.6, 
44.37) 

(22,113.7, 
52.77) 

(31,124.8, 
49.89) 

(31,129.5, 
52.77) 

(19,121.4, 
37.00) 

(19,130.3, 
39.69) 

(21,120.7, 
43.71) 

(22,130.6, 
51.34) 

(31,126.1, 
49.67) 

(31,129.9, 
52.70) 

(21,123.8, 
36.78) 

(21,127.8, 
39.57) 

(21,133.4, 
42.70) 

(22,153.0, 
50.38) 

(31,137.7, 
48.75) 

(31,140.9, 
51.82) 

(31,124.5, 
36.65) 

(31,134.2, 
39.24) 

(31,140.3, 
42.17) 

(22,162.2, 
50.29) 

(31,139.9, 
48.61) 

(31,142.2, 
51.74) 

   
(31,146.0, 

45.15) 
(31,151.6, 

48.12) 
(31,156.6, 

51.14) 

     
(31,158.0, 

51.13) 

Table 3 illustrates that the Pareto solutions are sensitive to the confidence level. With an increase 
of the confidence level, the values of both the cost objective and the emission objective of the Pareto 
solutions increase. We also mark the minimal values of cost objective and emission objective under 
different confidence levels by underlining and double underlining, respectively, so that readers can 
easily capture the variations of these values when the confidence level changes. As we can see from 
Table 3, when the confidence level improves from 0.5 to 1.0, the minimum value of the emission 
objective in 100 ton of the Pareto solutions increases from 36.42 to 51.13, which is an increase of 
approximately 40.39%, and the minimum value of the cost objective in 100,000 CNY increases from 
19,108.0 to 31,127.4, or approximately 62.9%. 

Since the sensitivity shown in Table 3 is significant, it is necessary to help decision makers 
determine the best confidence level, so that a crisp logistics center location and allocation plan could 



Sustainability 2019, 11, 6448 18 of 25 

be provided to them. However, it is difficult to clearly identify the best confidence level only based 
on the sensitivity analysis shown in Table 3. 

5.7. Fuzzy Simulation to Determine the Best Confidence Level for the Uncertain Problem 

In practical decision making on the green logistics center location and allocation problem under 
mixed uncertainties, decision makers should determine the weights of the two objectives. The 
sensitivity analysis given in Table 3 helps decision makers find the most suitable weights that match 
a certain decision-making scenario. In this study, we assume that 𝑤 = 1  and 𝑤 = 10 , which 
indicates that decision makers pay nearly the same attention to the cost objective and emission 
objective. In practical decision making, according to the preference of decision makers, they can use 
multicriteria decision-making methods to determine the values of weights distributed to the two 
objectives [37,49,54]. Although different values of weights might lead to different computational 
results for the best confidence level, the following logic that helps decision makers identify the best 
confidence level remains the same. 

To evaluate the logistics center location and allocation plans under different confidence levels 
when the weights of the objectives are set, decision makers should test their reliability on satisfying 
the supply constraint of suppliers, the operation capacity constraint of selected logistics centers, and 
the demand constraint of customers in the practical operation stage of the logistics network before its 
planning stage. 

Then, the decision makers can identify all the logistics center location and allocation plans whose 
reliability is acceptable. Among these plans, the one with the minimum value of the objective that 
combines the cost objective and the emission objective by the weighted sum method corresponds to 
the best confidence level, and can be undertaken in practice. 

However, challenge related to the above decision making exists. The practical operation 
situation that includes the practical supply capacities of suppliers, the practical operation capacities 
of selected logistics centers, and the practical demands of customers is only determined and known 
in the operation stage of the logistics network. It cannot be known in the long-term planning stage. 
Consequently, it is impossible to test the reliability of the plans in the future operation stage during 
the planning stage. 

Sun et al. [13,18,37,42] proposes a fuzzy simulation approach to simulate the practical 
transportation situation by randomly generating the deterministic values of fuzzy parameters based 
on the fuzzy membership function of fuzzy numbers. We can use these simulated deterministic 
values as the practical values of fuzzy parameters in the operation stage of the logistics network. As 
a result, the practical situations of the logistics network in the operation stage are known in a 
simulation way, and can be further used to test the reliability of the logistics center location and 
allocation plans under different confidence levels quantitively. Fuzzy simulation is shown in Figure 
9, in which the fuzzy membership of a deterministic number 𝑟 with respect to a triangular fuzzy 
number 𝑎 = 𝑎 ,𝑎 ,𝑎  is described in Equation (26). 
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Figure 9. Fuzzy simulation [13,18,27,45]. 

𝜇 𝑟 =
⎩⎪⎨
⎪⎧ 𝑟 − 𝑎𝑇 − 𝑎 𝑎 ≤ 𝑟 < 𝑎1 𝑎 ≤ 𝑟 ≤ 𝑎𝑎 − 𝑟𝑎 − 𝑎 𝑎 < 𝑟 ≤ 𝑎0 otherwise

, (26)

We can run the fuzzy simulation shown in Figure 9 several times to generate several simulated 
deterministic operation situations of the logistics network, which can be seen in Appendix A: Table 
A1. Then we test whether the logistics center location and allocation plan under a certain confidence 
level satisfies the three deterministic constraints of Equations (27) to (29) in each operation situation. 
If these constraints are all satisfied, we consider that the plan is feasible in the corresponding 
operation situation. Otherwise, the plan is not feasible. Lastly, we can obtain the ratio that a plan is 
feasible in all the simulated operation situations of the logistics network. Such a ratio can be used to 
quantify the reliability of the plan. 𝑥∈ ≤ 𝑠 ∀𝑖 ∈ 𝑁 , (27)

𝑥∈ ≥ 𝑣 ∀𝑗 ∈ 𝑁 , (28)

𝑥∈ ≤ 𝑒 ∀𝑗 ∈ 𝑁  (29)

where 𝑠 , 𝑣 , and 𝑒  are the simulated deterministic supply capacity, demand, and capacity of 
associated nodes in the 𝑡  simulated deterministic operation situation of the logistics network. 𝑡 =



Sustainability 2019, 11, 6448 20 of 25 1, 2, 3, … ,𝑇, where 𝑇 is the times of running the fuzzy simulation. In this study, we set 𝑇 as 20. The 
calculation results of the above defined ratios are presented in Figure 10. 

 
Figure 10. Ratios that the plan under different confidence levels is feasible in the simulated 
deterministic operation situations of the logistics network when 𝑤 = 1 and 𝑤 = 10. 

As shown in Figure 10, when 𝑤 = 1 and 𝑤 = 10, the reliability of the logistics center location 
and allocation plan improves with the increase of the confidence level. The improvement is 
significant, with reliability increasing 19 times from 5% to 100%, when the confidence level is set as 
1.0 instead of 0.9. Simultaneously, the value of the cost (emission) objective slightly increases from 
3,112,608 thousand CNY (4967 ton) to 3,112,990 thousand CNY (5270 ton), or approximately 0.01% 
(6.1%). Therefore, we can considerably enhance the reliability of the logistics center location and 
allocation plan with a slight sacrifice of the cost objective and emission objective. As for the case 
presented in Section 5.1 under 𝑤 = 1 and 𝑤 = 10, the best confidence level for the plan is 1.0, due 
to its advantage of high reliability. The corresponding logistics center location and allocation plan is 
illustrated in Figure 11. 
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Figure 11. The multi-objective green logistics center location and allocation plan under confidence 
level of 1.0 when 𝑤 = 1 and 𝑤 = 10. 

It should be noted that when the confidence level is set as 0.5, the three fuzzy chance constraints 
are modified into Equations (30)–(32), which are the deterministic constraints formulated by the 
logistics center location and allocation problem under certainty. As indicated by Figure 10, the 
logistics center location and allocation plan under certainty yields an extremely low reliability, such 
that it cannot be ensured that the supply capacity constraint of suppliers, the operation capacity 
constraint of logistics centers, and the demand constraint of customers are all satisfied. Consequently, 
we can draw the conclusion that considering mixed uncertainties in the logistics center location and 
allocation problem helps greatly improve the reliability of the plan. 𝑥∈ ≤ 𝑠 ∀𝑖 ∈ 𝑁 , (30)

𝑥∈ ≥ 𝑣 ∀𝑗 ∈ 𝑁 , (31)

𝑥∈ ≤ 𝑒 ∀𝑗 ∈ 𝑁  (32)

6. Conclusions 

In this study, we discuss the modelling and optimization for a green logistics center location and 
allocation problem under mixed uncertainties. The main contributions made by this study are 
fourfold, as follows. 

(1) Environmental sustainability of the logistics network is improved by using two methods, i.e., 
multi-objective optimization and carbon dioxide emissions. The performance of the carbon tax 
regulation in reducing carbon dioxide emissions can be tested based on the benchmark provided by 
the Pareto solutions generated by multi-objective optimization. 

(2) Mixed uncertainties, including the supply capacities of suppliers, the operation capacities of 
logistics centers, and the demands of customers, are comprehensively modelled using triangular 
fuzzy numbers based on fuzzy set theory in order to improve the reliability of the logistics center 
location and allocation planning. 

(3) Two fuzzy linear programming models are proposed to formulate the green logistics center 
location and allocation problem under mixed uncertainties based on the two carbon dioxide emission 
reduction methods. The fuzzy models are easily defuzzied by using fuzzy chance-constrained 
programming. The crisp models can be solved by an exact solution algorithm run by mathematical 
programming software. 

(4) A method based on sensitivity analysis and fuzzy simulation is developed to quantify the 
effects of the mixed uncertainties on the logistics center location and allocation plan and help decision 
makers to effectively make tradeoff between improving the economy and enhancing the reliability of 
planning. 

Based on the numerical case discussion, we can also draw the following conclusions that can 
help decision makers better construct, manage, and operate logistics networks. The second 
conclusion reveals an important managerial implication that carbon tax regulation does not always 
work in planning a green logistics network and its effectiveness should be tested before being 
implemented. The remaining conclusions provide techniques for improving environmental 
sustainability and reliability of the logistics network planning. 

(1) Multi-objective optimization shows that the cost objective and emission objective are in 
conflict with each other. Improving any one of the objectives will worsen the other. Using the 
weighted sum method, Pareto solutions to the problem can be generated, which can help decision 



Sustainability 2019, 11, 6448 22 of 25 

makers make effective tradeoffs between the two objectives and select the most suitable plan that 
matches a certain decision-making situation. 

(2) Based on the benchmark provided by multi-objective optimization, we report a numerical 
case in which carbon tax regulation needs a high carbon tax rate to enhance its performance. Such a 
high rate might be infeasible in the practical market. Zhang et al. [22] find that the effectiveness of 
carbon tax regulation in reducing carbon dioxide emissions is very sensitive to the specific case. As a 
result, carbon tax regulation should be tested quantitively by decision makers to check its 
effectiveness before being implemented in either planning or practice. 

(3) Compared with deterministic logistics center location and allocation planning, formulating 
mixed uncertainties in the planning greatly improves its reliability. The mixed uncertainties can be 
effectively modelled by using triangular fuzzy numbers based on the fuzzy set theory. Fuzzy linear 
programming models and their crisp reformulations based on fuzzy chance-constrained 
programming can be established to solve the problem by providing the global optimum solutions. 

(4) Sensitivity analysis reveals that the mixed uncertainties have significant effects on the 
planning through the confidence level in the fuzzy chance constraints. Decision makers can use fuzzy 
simulation designed in Section 5.7 to quantify such effects and determine the best confidence level in 
order to gain a crisp logistics center location and allocation plan. 

Currently, this study only considers a three-stage logistics network with forward flows. In our 
future work, we will improve the logistics network by considering reverse flows, which are very 
important elements of the logistics system to improve the complexity of the problem for better 
practical decision making. Furthermore, we will try to develop a heuristic algorithm for the green 
logistics center location and allocation problem under mixed uncertainties, which is acknowledged 
to be an NP-hard problem. The numerical case and proposed exact solution method can provide 
benchmarks to test the accuracy of the heuristic algorithm. We will also design a large-scale real-
world case in our future work to test the efficiency of the exact solution method and the heuristic 
algorithm, and then to discuss the effectiveness of the carbon tax regulation using the analysis 
demonstrated in Sections 5.2 to 5.5. 
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Appendix A 

Table A1. Fuzzy simulation results. 

No. 

Supply 
Capacity 

of 
Supplier 1 

Supply 
Capacity 

of 
Supplier 2 

Supply 
Capacity 

of 
Supplier 3 

Operation 
Capacity of 

Logistics 
Center 4 

Operation 
Capacity of 

Logistics 
Center 5 

Operation 
Capacity of 

Logistics 
Center 6 

Demand 
of 

Customer 
7 

Demand 
of 

Customer 
8 

1 1969 2004 1276 1706 2325 1336 1604 1627 
2 1857 1780 1211 1603 2154 1309 1543 1796 
3 1868 1912 1230 1739 2134 1674 1330 1795 
4 1699 1648 1346 1940 2184 1472 1302 2255 
5 1734 1638 1282 1711 2361 1312 1350 1670 
6 1651 2043 1217 1842 2034 1371 1332 1796 
7 1615 1616 1210 1925 2213 1352 1339 1712 
8 1617 1803 1204 1932 2113 1378 1392 1668 
9 1706 1709 1525 1815 2231 1505 1325 1775 
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10 1619 1695 1240 1901 2074 1395 1310 1722 
11 1611 1619 1341 1909 2084 1554 1445 2328 
12 1613 1665 1235 1990 2208 1304 1396 1939 
13 1832 1749 1241 1850 2028 1322 1568 1689 
14 1916 1737 1206 1828 2017 1464 1350 1748 
15 1637 1826 1219 1762 2287 1580 1486 1715 
16 1609 1689 1426 1986 2057 1343 1390 1761 
17 2005 1741 1599 1708 2093 1345 1413 2002 
18 1611 1787 1548 1624 2231 1325 1393 2008 
19 1905 1737 1224 1705 2188 1302 1300 1776 
20 1727 1604 1236 1682 2156 1387 1321 1809 
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