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Abstract: The design of closed-loop supply chain network is one of the important issues in supply chain management. This research proposes a multi-period, multi-product, multi-echelon closed-loop supply chain network design model under uncertainty. Because of its complexity, a solution framework which integrates Monte Carlo simulation embedded hybrid genetic algorithm, fuzzy programming and chance-constrained programming jointly deal with the issue. A fuzzy programming and chance-constrained programming approach take up the uncertainty issue. Monte Carlo simulation embedded hybrid genetic algorithm is employed to determine the configuration of CLSC network. Parameters of GA are chosen to balance two aims. One aim is that the best value is global optimum, that is, maximum profit. The other aim is that the computational time is as short as possible. Non-parametric test confirms the advantage of hybrid GA. Then, the validity of Monte Carlo simulation embedded hybrid genetic algorithm is verified. The impacts of uncertainty in disposed rates, demands, and capacities on the overall profit of CLSC network are studied through sensitivity analysis. The proposed model is effective in designing CLSC network under uncertain environment.
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1. Introduction

An efficient supply chain can reduce costs and increase the profit of a company. One of the most important aspects of supply chain network management is supply chain network design. The problem of supply chain design which considers both the efficiency and the risk was put forward by Huang and Goetschalckx (2014). They identified all Pareto-optimal configurations efficiently using branch and reduce algorithm. 
In recent years, people have begun to pay attention to environmental and social responsibilities and the economic beneﬁts of used products, which make people attach importance to reverse supply chain network (Meade et al. 2007). Because of interdependent decisions in forward and reverse supply chain network, considering them separately lead to sub-optimal results (Pishvaee and Torabi 2010). Therefore, decisions of forward and reverse supply chain network should be considered simultaneously (Lee and Dong 2008). When a forward and reverse logistics network is considered simultaneously, a closed-loop supply chain (CLSC) network will be established. The aim of CLSC network is setting up an efficient system for bidirectional material flows considering environmental and economic effects.
Another important issue in designing supply chain network is uncertainty. The longer the time is, the higher the uncertainties are. In the CLSC network, the uncertain problem is more serious due to the inherent uncertainty of reverse logistics network, which is caused by uncertain factors such as quantity and quality of the used products (Pishvaee et al. 2011). Furthermore, uncertainties will be magnified through combinations and interactions among the above uncertainties. Therefore, the issues of uncertainties should be considered and solved.

To address the issues of uncertainties, inexact optimization techniques are employed in a mix-integer programming framework, for example, interval programming (Zhang et al. 2011), fuzzy programming (Vahdani et al. 2012) and stochastic programming (Kerachian and Karamouz 2007). Environmental coefficients are often fuzzy for most problems of supply chain network design because of incomplete information. Conventional methods cannot solve these problems. Zadeh (1965) put forward fuzzy set theory. Fuzzy set theory has been applied to many fields such as production planning of supply chain, design of supply chain and so on. Liang and Cheng (2009) studied manufacturing and distribution planning decision problems in supply chains using fuzzy set theory. Peidro et al. (2007) proposed a fuzzy mixed integer linear programming model for supply chain planning. Xu and Zhai (2010) considered a supply chain coordination problem under fuzzy environmental constraints. They found that the expected profit of supply chain in a coordination situation is more than the profit in a non-coordination situation. Stochastic programming handles uncertain problems whose parameters’ probability distributions are known (Liu and Sahinidis 1996). There are two types of approaches in stochastic programming. The first type of stochastic programming approach is recourse programs. The second type of stochastic programming approach is chance-constrained programming, which was proposed by Charnes and Cooper (1959). 
Based on the above considerations, this article puts forward a multi-period, multi-product, multi-echelon, closed-loop supply chain network design model under uncertainty. The presented model tries to determine the location of facilities and the quantity of products and raw materials to be delivered among the network facilities. The forward supply chain network includes raw material suppliers, manufacturers, distribution centers and consumer zones, while the reverse supply chain network is composed of consumer zones, collection centers, decomposition centers and manufacturers. Because the proposed model is a general CLSC network structure, it can be used in many products, such as mobile, battery, household applications and so on. In order to deal with the uncertainty, a fuzzy programming and chance-constrained programming approach is applied. 

The rest of this article is organized as follows. In Section 2, literature of closed-loop supply chain network design using fuzzy programming and chance-constrained programming is reviewed and the contributions of this article are elaborated. Mathematical formulation of the proposed model is presented in Section 3. In Section 4, Monte Carlo simulation embedded hybrid genetic algorithm is presented. Section 5 presents and analyses the computational study and sensitivity analysis. Finally, the conclusions and future researches of this article are given in Section 6.
2. Literature review
More and more researchers pay attention to uncertainty issues of closed-loop supply chain network design. Pishvaee et al. (2011) proposed a robust optimization model for handling the inherent uncertainty of input data in a closed-loop supply chain network design problem, whose solutions are compared to those generated by the deterministic model in a number of realizations under different test problems (Pishvaee et al., 2011). A general comprehensive model considering various assumptions such as multiple periods, multiple products, and multiple supply chain echelons as well as uncertain demand and purchasing cost is proposed for strategic closed-loop supply chain network. The problems of parameters’ uncertainty are dealt with by an interval robust optimization technique (Hasani et al., 2012). Amin et al. (2013) proposed a mixed-integer linear programming model to minimize the total cost. They study the impact of uncertainties of demand and return on the conﬁguration of closed-loop supply chain network by stochastic programming (Amin, & Zhang, 2013). Vahdani et al. (2013) established a reliable network of facilities in closed-loop supply chains (CLSCs) under uncertainties. A novel interactive hybrid solution methodology is developed to solve the proposed model. Chen and Chang (2006) dealt with SC model with fuzzy parameters. And they put forward a solution procedure which can calculate the fuzzy objective value. Aliev et al. (2007) developed a fuzzy integrated model within SC. The model is set up in terms of fuzzy programming and solved by genetic algorithm. Torabi and Hassani (2008a) developed a novel MILP model for a supply chain problem. Their model integrates the procurement, production as well as fuzzy parameters such as market demands, capacity levels, and cost/time coefficients. In another study, they propose a fuzzy goal programming model which is solved through a novel auxiliary crisp formulation (Torabi & Hassani, 2008b). Various methods including fuzzy programming are used to solve the model in above literature. However, stochastic programming is rarely used in the literature. 
Stochastic programming can be divided into two categories: expected value model and chance-constrained model. Chance-constrained programming was proposed by Charnes and Cooper (1959). Mitra et al. (2008) analyzed a complex multi-objective supply chain planning problem under uncertainty using the chance-constrained programming approach and ε-constraint approach. Bilsel et al. (2011) established a chance-constrained programming sequential supplier allocation model for supplier selection under uncertainty. The model provides proactive mitigation strategies against disruptions by appointing suppliers. 
Chance-constraints can be transformed deterministic equivalents under some assumptions (Birge and Louveaux, 2011). However, in most conditions, it is impossible to convert chance- constraints into crisp equivalent. In this article, Monte Carlo simulation embedded hybrid genetic algorithm is employed. The method has two advantages. One advantage is that it is not necessary to transform chance-constraints into crisp equivalent, thus being able to handle most chance-constrained programming issues. The other advantage is that the global optimal solution may be obtained. Monte Carlo simulation embedded genetic algorithm is an effective tool for solving chance-constrained programming problems.

The main contributions in this article that differentiate this paper from the existing ones in the related literature are as follows.

·establishes and solves multi-product, multi-echelon, and multi-period CLSC model including multiple suppliers, manufacturers, distribution centers, collection centers, decomposition centers, which corresponds to the actual situation and can be applied to solve many practical problems. Previous literature only involves single product or single period (Pishvaee and Torabi, 2010; Vahdani et al., 2013).

·handles uncertain issues with stochastic and fuzzy parameters. Many previous researches with uncertain parameters deal with stochastic problems (Bilsel et al., 2011) or fuzzy issues (Vahdani et al., 2013). 

·puts forward and applies Monte Carlo simulation embedded hybrid genetic algorithm to solve chance-constrained programming problems. This approach can obtain exact solutions at any confidence level.

·proposes a novel genetic algorithm and compares with hybrid particle swarm optimization using non-parametric test. The results show that hybrid genetic algorithm has higher accuracy.
·considers the optimization of the forward supply chain (Huang and Goetschalckx, 2014; Zhang et al., 2011) and reverse supply chain simultaneously, which has both theoretical significance and practical value.
3. Model description and formulation
3.1Assumptions of model
[image: image1.wmf]I

From the above discussion, a multi-product, multi-period, and multi-echelon model is developed, which is based on the practical realizations (see Fig. 1). 
Fig. 1. The proposed model
The aim of this study is to design a closed-loop supply chain network which maximizes total profit by determining flows between facilities and the facility locations under uncertain environment. The assumptions of the model are as follows:
1. Disposal rates of recycled products of collection centers and decomposition centers, capacity of all facilities, demand of products, supply of recycled products are fuzzy variables.
2. The forward flow and reverse flow are transported between two consecutive echelons. Furthermore, there are no flows among facilities at the same echelon.

3. Potential locations, the cost values such as fixed costs, forward supply chain costs, reverse supply chain costs, penalty costs are known.
4. BOM coefficients of products are known.

5. The price of products is stochastic and the distributions of price are known.
3.2 Notation 
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3.3 Objective function
The objective of the model is to maximize the total profit of the closed-loop network as follows.
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The total cost is the sum of the following costs.
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3.4 Constraints
All constraints of the proposed model are represented as follows. 
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Constraints (6) to (11) are balanced constraints. Obviously, all products entering flows per period should be equal to all issuing flows of that node for the same product at each node in the same period. Therefore, constraint (6) is a balance constraint of manufacturers; constraints (7) to (9) are balance constraints of contribution centers, collection centers and composition centers, respectively. Constraints (10) to (11) ensure that fuzzy demands for each product and recycled product must be fully met, respectively. Constraints (12) to (18) are capacity constraints. Capacity constraints control the maximum flows. Constraints (12) to (14) are for capacity of all raw material suppliers. Constraints (15) to (18) control output capacity of manufacturers, distribution centers, collection centers, decomposition centers for each product in all periods, respectively.
3.5 Transformation of chance-constrained programming 

The model is a stochastic and fuzzy programming one. Chance-constrained programming is one class of stochastic programming. It tries to reconcile optimization over random constraints. The stochastic constraints are ensured to be stashed with a certain confidence level. A typical chance-constrained programming problem has the following form:
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In this study, there are no stochastic variables in the constraints. Stochastic variables only exist in the objective function. Accordingly, (20) can be simplified as follows.
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The model in this article can be transformed to as follows using (21). 
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, which is a random variable and follows uniform distribution. Other constraints are the same as that of the original model. Because the model includes not only the real number but also 0/1 variables, the model is chance-constrained mixed integer programming model. Generally, it is difficult to solve the model directly. Monte Carlo simulation embedded genetic algorithm is proposed to solve the NP-hard problem. 
3.6 Converting the fuzzy constraints into crisp constraints
As mentioned in the formulation of the model, each imprecise parameter of demands, disposal rates, and capacities is represented with triangular fuzzy numbers. The main advantages of the triangular shape are the flexibility and simplicity of the fuzzy arithmetic operations (Liang, 2006). In reality, the CLSC network manager can construct the triangular distribution based on the following data (Liang, 2008): first, the most pessimistic value; second, the most likely value; third, the most optimistic value. 
Recalling the constraint in Equations (10) and (11) from the proposed model, 
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[image: image285.wmf]a

 is given, the corresponding crisp inequality expression of the constraint in Equations (10) and (11) can be presented as follows.
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Where 
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4. Solution methodology
4.1 Applying hybrid GA to closed-loop supply chain network design problem
The steps of genetic algorithm are as follows.

4.1.1 Chromosome encoding
Encoding of related individual is crucial to fully characterize the algorithms. Chang (2010) has emphasized that if decision variables of SCND problem are constrained as a positive integer, the chromosome should be encoded in integer characteristic. In this article, each chromosome corresponds to a closed-loop supply chain network and is composed of 0 or 1. 0 and 1 denote not opening and opening suppliers, manufacturers, distribution centers, collection centers, and decomposition centers, respectively. Length of chromosome is length (I) + length (J) + length (L) + length (P) + length (S1) + length (S2) + ...... + length (SN). Length (I) represents the number of manufacturers in the set of manufacturers. The other symbols have the similar meanings. 
4.1.2 Initialization
Initialization is used to generate a starting pool which is a collection of parent chromosomes. Starting with a good solution helps obtain an accelerated convergence. However, there is a tradeoff between speed of convergence and quality of the resulting solution. In this article, discrete random populations are created using GA Toolbox of Sheffield University. 

4.1.3 Calculate and evaluate the fitness of each chromosome (individual)
At the end of each generation, all chromosomes (individuals) should be evaluated with respect to the overall aim of the supply chain network design problem. Thus, the function of fitness is deﬁned to test the convergence of the solution to the desired optimum solution. In the article, the proposed model is a mixed integer linear programming model. Therefore, the fitness values of each chromosome (individuals) can be obtained using command Linprog of Matlab. The evaluation criteria are function values. The bigger the function value is, the higher the fitness is. 
4.1.4 Selection
Selection aims to increase the quality of solutions by selecting better individuals to get copied in next generations. The most popular selection techniques are tournament selection, random selection, elitist selection, roulette wheel and so on. In this article, the selection technique is roulette wheel. The probability of the 
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 represents the fitness of the 
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 individual. M is the size of population. When the probability of a given individual being selected is larger than a random number which is between 0 and 1, it will be selected.
4.1.5 Crossover 
Crossover is a recombination mechanism to explore the new solution space. It is a means of exchanging genetic materials between two parent chromosomes which result in offspring who contains characteristics of its parents (Chen and Kim 2010). Basically there are four types of crossover techniques: single point, multiple point, cut-splice, and uniform. In this article, single point crossover technique is adopted. 
4.1.6 Mutation and re-insertion
Unlike crossover, mutation is usually done by modifying the gene within a chromosome (Lin et al. 2009). It helps to obtain local optimum in search space. This study uses single-point swap operator. If a random number between 0 and 1 is smaller than the mutation probability, mutation will not happen, visa versa.
According to the ratio of generation gap, individuals with high fitness will be retained. In order to maintain the size of population unchanged, the technique of re-insertion is adopted. Re-insertion can avoid too fast convergence due to the smaller size of population.
Step 4.2.3-step 4.2.6 is repeated until the condition of termination is satisfied. In this article, the condition of termination is that the number of maximum generation is reached. Hybrid GA as a mechanism of biological evolution is similar to GA. The main difference is that exact algorithm for linear programming is embedded in hybrid GA. 
4.2 Monte Carlo simulation embedded hybrid genetic algorithm
Monte Carlo simulation is an effective tool for those problems whose analytical solutions don't exist or too complex to obtain. In order to solve the proposed model, Monte Carlo simulation is used to seek an optimal solution within the range of random number pc. Obviously, 
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According to the probability distribution of the random variable 
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Obviously, 
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Step 1 According to the probability distribution of the random variable 
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Step 3 Find the value of 
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Step 3.1 Encode chromosome 

Step 3.2 Initialize the population

Step 3.3 Calculate and evaluate the fitness of each chromosome
Step 3.4 Selection

Step 3.5 Crossover
Step 3.6 Mutation and re-insertion
Step 3.3-step 3.6 is repeated until the condition of termination is satisfied. The optimal value 
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The flow diagram of Monte Carlo simulation embedded hybrid genetic algorithm is shown in Fig. 2.
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Fig. 2. The procedure of Monte Carlo simulation embedded hybrid genetic algorithms

5. Computational experiments
5.1 Data of computational experiments
The scale of the computational experiment is as follows: the number of potential locations for the first raw material suppliers is two; the number of potential locations for the second raw material suppliers is two; the number of potential locations for establishing the manufacturers is three, and the maximum number of decomposition centers that can be opened is three; the number of potential locations for establishing the distribution centers is three, and the maximum number of collection centers that can be opened is also three; the number of customer zones is six. Three periods and two kinds of products are considered. The first kind of product is produced using the first raw material. The second kind of product is produced using the second raw material. The fix cost of the first raw material supplier, the second raw material supplier, manufacturer, distribution center, collection center, decomposition center is 15 millions, 16 millions, 13 millions, 3 millions, 0.35 millions, 0.5 millions, respectively. Other parameters of the proposed model are given in Table 1. The data about unit freight rates among facilities of CLSC network are given from Table 2 to Table 7.
	Table 1 Values of parameters used in the numerical experiments

	parameter
	value

	
	the first product
	the second product

	(cp
	(0.2,0.25,0.3)
	(0.2,0.25,0.3)

	(cj
	(0.3,0.35,0.4)
	(0.3,0.35,0.4)

	vcs1t
	500
	500

	vcs2t
	600
	600

	vcit
	1800
	1600

	vclt
	80
	50

	vcpt
	160
	130

	vcjt
	1250
	1000

	vdcpt
	100
	100

	vdcjt
	75
	50

	Dckt
	(580,600,620)
	(680,700,720)

	Hckt
	(430,450,470)
	(305,325,345)

	wfckt
	10000
	10000

	weckt
	10000
	10000

	ufckt
	10000
	10000

	ueckt
	10000
	10000

	mcs1t
	(14000,15000,16000)
	(14000,15000,16000)

	mcs2t
	(14000,15000,16000)
	(14000,15000,16000)

	mci
	(3000,3500,4000)
	(3000,3500,4000)

	mcl
	(3000,3500,4000)
	(2500,3000,3500)

	mcp
	(2000,2300,2600)
	(1800,2000,2200)

	mcj
	(900,1000,1100)
	(900,1000,1100)

	(cs1
	0.5
	0.6

	(cs2
	0.5
	0.6

	(cj
	0.5
	0.6

	Pc
	Uniform
(7500,10500)
	Uniform
(5500,8500)


Table 1 Values of parameters used in the numerical experiments
	Table 2 Unit freight rates from raw material suppliers to manufacturers

	unit freight rate
	manufacturers

	
	1
	2
	3

	the first raw material suppliers
	1
	60
	57
	48

	
	2
	45
	48
	51

	the second raw material suppliers
	1
	26
	32
	31

	
	2
	51.2
	27.6
	22


Table 2 Unit freight rates from raw material suppliers to manufacturers
	Table 3 Unit freight rates from manufacturers to distribution centers

	unit freight rate
	collection centers

	
	1
	2
	3

	manufacturers
	1
	40.3
	41.5
	825

	
	2
	43.1
	14.95
	45.6

	
	3
	17.6
	33.4
	48.55


Table 3 Unit freight rates from manufacturers to distribution centers
	Table 4 Unit freight rates from distribution centers to customer zones

	unit freight rate
	customer zones

	
	1
	2
	3
	4
	5
	6

	collection centers
	1
	81.63
	52.74
	11.16
	66.33
	80.91
	129.42

	
	2
	96.21
	34.29
	34.65
	14.85
	67.77
	142.74

	
	3
	120.96
	105.84
	103.68
	65.88
	128.33
	94.05


Table 4 Unit freight rates from distribution centers to customer zones
	Table 5 Unit freight rates from customer zones to collection centers 

	unit freight rate
	collection centers 

	
	1
	2
	3

	customer zones
	1
	63.49
	74.83
	94.08

	
	2
	41.02
	26.67
	82.32

	
	3
	8.68
	26.95
	80.64

	
	4
	51.59
	11.55
	51.24

	
	5
	62.93
	52.71
	100.59

	
	6
	100.66
	111.02
	73.15


Table 5 Unit freight rates from customer zones to collection centers
	Table 6 Unit freight rates from collection centers to decomposition centers

	unit freight rate
	 decomposition centers

	
	1
	2
	3

	collection centers
	1
	16.12
	17.24
	7.04

	
	2
	16.6
	5.98
	13.36

	
	3
	330
	18.24
	19.42


Table 6 Unit freight rates from collection centers to decomposition centers
	Table 7 Unit freight rates from decomposition centers to manufacturers 

	unit freight rate
	manufacturers

	
	1
	2
	3

	decomposition centers
	1
	40.3
	41.5
	825

	
	2
	43.1
	14.95
	45.6

	
	3
	17.6
	33.4
	48.55


Table 7 Unit freight rates from decomposition centers to manufacturers
5.2 Parameter setting of the hybrid GA
Some parameters of hybrid genetic algorithm such as population size, crossover rate, mutation rate, generation gap, maximum generation number need to be set. These parameters should set properly to seek the optimal solution efficiently. This article will try to set the following four parameters in order to obtain the maximum profit and optimal closed-loop supply chain network in short time. (1) Population size. A large population possibly results in a very slow rate of convergence and avoids suboptimal solutions. A small population possibly leads to premature convergence and a quick rate of convergence. In this article, the population size has two choices: 100 and 150. Maximum generation number=5000/population size. (2) Crossover rate. Crossover can generate new individuals. If the crossover rate is too high, high-performance structures are discarded faster than selection can produce improvements. If the crossover rate is too low, the search may stagnate due to the lower exploration rate (Grefenstette, 1986). In this article, the crossover rate has two choices: 0.6 and 0.4. (3) Mutation rate. Mutation is another way to generate new individuals. According to actual experiments, a low level of mutation results in converging quickly, and visa versa. In this article, the mutation rate has two choices: 0.1 and 0.01. (4) Generation gap. The generation gap controls the percentage of the population to be replaced during each generation (Grefenstette, 1986). In this article, the generation gap has two choices: 0.4 and 0.6. The price of the first product is set at 9000. The price of the second product is set at 7000. Best values and time for different parameters are illustrated in Table 2. There are two aims for setting parameters. First of all, the best value is global optimum. Secondly, the elapsed time is as short as possible. After table 8 is analyzed, conclusions are as follows: when population size, maximum generation, crossover rate, mutation rate, generation gap are “100”, “50”, “0.6”, “0.01”, “0.6”, respectively, the maximum of the best value is obtained with the shortest time. Hence, in the subsequent computational experiments, the population size, maximum generation, crossover rate, mutation rate, generation gap are set at “100”, “50”, “0.6”, “0.01”, “0.6”, respectively. Of course, these parameters can’t ensure that the global optimal solution is obtained. The results show that the best chromosome is [0110111101100101]. The flows among facilities of the first period are listed in Table A1 to Table A6 in Appendix A. The second period and third period are the same as the first period. 
	Table 8 Best value and time for different parameters

	population size
	maximum generation
	crossover rate
	mutation rate
	generation gap
	the best value
	time(s)

	100
	50
	0.6
	0.1
	0.4
	4.6276E+07
	174

	100
	50
	0.6
	0.1
	0.6
	4.6276E+07
	223

	100
	50
	0.6
	0.01
	0.4
	4.6259E+07
	46

	100
	50
	0.6
	0.01
	0.6
	4.6276E+07
	46

	100
	50
	0.4
	0.1
	0.4
	4.6259E+07
	155

	100
	50
	0.4
	0.1
	0.6
	4.6276E+07
	199

	100
	50
	0.4
	0.01
	0.4
	4.5841E+07
	35

	100
	50
	0.4
	0.01
	0.6
	4.5756E+07
	36

	150
	33
	0.6
	0.1
	0.4
	4.6068E+07
	153

	150
	33
	0.6
	0.1
	0.6
	4.6229E+07
	224

	150
	33
	0.6
	0.01
	0.4
	4.6276E+07
	62

	150
	33
	0.6
	0.01
	0.6
	4.6276E+07
	64

	150
	33
	0.4
	0.1
	0.4
	4.6251E+07
	151

	150
	33
	0.4
	0.1
	0.6
	4.6259E+07
	227

	150
	33
	0.4
	0.01
	0.4
	4.6131E+07
	48

	150
	33
	0.4
	0.01
	0.6
	4.6066E+07
	49


Table 8 Best value and time for different parameters
5.3 Comparison of hybrid GA with hybrid particle swarm optimization (PSO)
To assess the effectiveness and quality of the hybrid GA, hybrid GA is compared with hybrid PSO. The similarities between hybrid GA and hybrid PSO are, (1) both have a mutation operator; (2) both have a crossover operator. The main difference is, (1) hybrid GA has selection operator; (2) hybrid GA applies the technology of generation gap and re-insertion; (3) hybrid GA recombines in different generations, while hybrid PSO recombines in same generations. This makes hybrid GA more likely to accelerate the speed of evolution and obtain global optimum.

To establish the solution quality of hybrid GA, hybrid GA is compared with hybrid PSO. Each run time of hybrid GA and hybrid PSO is 10 seconds or so. Hybrid GA, hybrid PSO and Cplex12.6 are run 50 times with the same data and run 50 times with the different data generated randomly. Thus each evolutionary algorithm runs 2500 times. The error rates of two evolutionary algorithms are calculated as follows. 
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 In order to use parametric tests, it is necessary to check the following conditions (Sheskin, 2003; Zar, 1999): independence, normality, heteroscedasticity. It is obvious the independence can be met due to runs of two evolutionary algorithm with initial seeds generated randomly. In the following, the normality analysis will be carried out by using Kolmogorov-Smirnov test on same data and different data problem. Heteroscedasticity analysis will be carried on using Levene’s test. 
All the tests obtain the p-value associated. P-value represents the dissimilarity of results with respect to the normal shape. Low p-value means a non-normal distribution. All the tests are performed by SPSS 17.0. The results are shown in Table 9. Normality isn’t fulfilled in many cases. For example, all cases are abnormality with respect to hybrid GA. 27 cases are abnormality with respect to hybrid PSO. Table 10 shows the results of levene’s test of hybrid GA. The null hypothesis is rejected at the level of significance (=0.05. Hence, none of cases are homogeneities. The results of hybrid PSO are similar.
	Table 9 Test of normality of Kolmogorov-Smirnov

	data
	data1
	data2
	data3
	data4
	data5
	data6
	data7
	data8
	data9
	data10

	hybrid GA
	.001
	.000
	.002
	.000
	.000
	.000
	.000
	.001
	.000
	.000

	Hybrid PSO
	.792
	.204
	.575
	.002
	.245
	.621
	.000
	.000
	.249
	.024

	data
	data11
	data12
	data13
	data14
	data15
	data16
	data17
	data18
	data19
	data20

	hybrid GA
	.001
	.002
	.002
	.001
	.000
	.005
	.000
	.002
	.000
	.000

	Hybrid PSO
	.000
	.952
	.251
	.006
	.000
	.000
	.026
	.000
	.145
	.002

	data
	data21
	data22
	data23
	data24
	data25
	data26
	data27
	data28
	data29
	data30

	hybrid GA
	.001
	.004
	.002
	.001
	.000
	.001
	.000
	.001
	.000
	.008

	hybrid PSO
	.002
	.437
	.000
	.608
	.957
	.348
	.534
	.003
	.002
	.000

	data
	data31
	data32
	data33
	data34
	data35
	data36
	data37
	data38
	data39
	data40

	hybrid GA
	.000
	.001
	.002
	.000
	.000
	.000
	.001
	.001
	.000
	.001

	hybrid PSO
	.000
	.876
	.000
	.004
	.005
	.001
	.743
	.640
	.000
	.002

	data
	data41
	data42
	data43
	data44
	data45
	data46
	data47
	data48
	data49
	data50

	hybrid GA
	.000
	.002
	.000
	.000
	.001
	.003
	.000
	.000
	.000
	.001

	hybrid PSO
	.000
	.064
	.000
	.562
	.344
	.000
	.106
	.064
	.540
	.011


Table 9 Test of normality of Kolmogorov-Smirnov
Since the conditions of normality and heteroscedasticity can’t be met, a non-parametric test is more reliable than parametric test (Zar, 1999). Therefore, Wilcoxon test is used to compare the solution quality of hybrid GA with that of hybrid PSO. Table 11 presents the difference of average error rates between the hybrid GA and hybrid PSO and the p-value obtained by Wilcoxon test using 50 different data. As is shown in Table 11, negative difference indicates the error rates of hybrid GA is smaller than that of hybrid PSO, that is, the solution quality of GA is better than that of PSO. All p-values of Wilcoxon tests are significant at the level of 0.05, which means the solution quality of GA is significantly better than that of PSO. The conclusion can be verified by multiple-case analysis. The average error rates of the 50 runs of each algorithm using 50 different data are used. A multiple-case analysis allows us to compare hybrid GA with hybrid PSO over a set of cases simultaneously. Table A7 in Appendix A summarizes the results of different data and algorithms. Table 12 shows the results of applying Wilcoxon test to see whether there is global difference between hybrid GA and hybrid PSO. Given that p-values of Wilcoxon test is lower than the level of significance considered 
[image: image342.wmf]a

=0.05, there is significant difference between hybrid GA and hybrid PSO. In other words, the solution quality of GA is significantly better than that of PSO, which is consistent with the previous conclusion.
	Table 10 Test of heteroscedasticity levene (based on means)

	data1
	data2
	data3
	data4
	data5
	data6
	data7
	data8
	data9
	data10

	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data11
	data12
	data13
	data14
	data15
	data16
	data17
	data18
	data19
	data20

	0.000 
	0.000 
	0.003 
	0.000 
	0.007 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data21
	data22
	data23
	data24
	data25
	data26
	data27
	data28
	data29
	data30

	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.027 
	0.001 

	data31
	data32
	data33
	data34
	data35
	data36
	data37
	data38
	data39
	data40

	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data41
	data42
	data43
	data44
	data45
	data46
	data47
	data48
	data49
	data50

	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.001 
	0.000 
	0.000 
	0.000 


Table 10 Test of heteroscedasticity levene (based on means)
	Table 11  Difference of error rates and p-value of wilcoxon test

	data
	data1
	data2
	data3
	data4
	data5
	data6
	data7
	data8
	data9
	data10

	difference
	-0.006 
	-0.008 
	-0.009 
	-0.005 
	-0.007 
	-0.006 
	-0.009 
	-0.027 
	-0.007 
	-0.006 

	wilcoxon
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data
	data11
	data12
	data13
	data14
	data15
	data16
	data17
	data18
	data19
	data20

	difference
	-0.012 
	-0.006 
	-0.009 
	-0.008 
	-0.013 
	-0.008 
	-0.008 
	-0.010 
	-0.008 
	-0.010 

	wilcoxon
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data
	data21
	data22
	data23
	data24
	data25
	data26
	data27
	data28
	data29
	data30

	difference
	-0.024 
	-0.016 
	-0.022 
	-0.018 
	-0.006 
	-0.006 
	-0.005 
	-0.017 
	-0.008 
	-0.040 

	wilcoxon
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data
	data31
	data32
	data33
	data34
	data35
	data36
	data37
	data38
	data39
	data40

	difference
	-0.010 
	-0.006 
	-0.010 
	-0.007 
	-0.007 
	-0.006 
	-0.005 
	-0.006 
	-0.006 
	-0.007 

	wilcoxon
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 

	data
	data41
	data42
	data43
	data44
	data45
	data46
	data47
	data48
	data49
	data50

	difference
	-0.011 
	-0.007 
	-0.027 
	-0.006 
	-0.011 
	-0.012 
	-0.011 
	-0.006 
	-0.006 
	-0.006 

	wilcoxon
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 
	0.000 


Table 11 Difference of error rates and p-value of wilcoxon test
	Table 12 Wilcoxon test for GA vs. PSO

	　
	R+
	R-
	p-value

	GA vs. PSO
	1250 
	0 
	.000


Table 12 Wilcoxon test for GA vs. PSO
5.4 Validation of Monte Carlo simulation embedded genetic algorithm 
The price of the first product and second product are generated by uniformly distributed functions, which are presented in Table 1. Other parameters are also illustrated in Table 1. The number of Monte Carlo simulations is 1000. The program is run five times. 1000 best values and best chromosomes are obtained. The results of computational experiments at the confidence level of 0.95, 0.9, and 0.5 are shown in Table 13. At the confidence level of 0.95, closed-loop supply chain network facilities’ locations of five runs are same. The maximum best value is 70864465. The minimum best value is 69169376. The error rate is (70864465-69169376)/ 70864465=2.39%. At the confidence level of 0.9, except for decomposition centers’ locations of the second run and the second raw material suppliers’ locations of the fourth run, facilities’ locations of other three runs are same. The reason may be that the solution of the second run and the fourth run is not the global optimal solution due to too fast convergence. Therefore, the minimum best value in remaining three runs is 65393321. The maximum best value is 65804834. The error rate is (65804834-65393321)/ 65804834=0.63%. At the confidence level of 0.5, the first run, the third run and the fifth run are not the global optimal solution because of too fast convergence. The fast convergence is caused by the small mutation rate, the crossover rate, and the gap generation. Though increasing these parameters can enhance the likelihood of obtaining the global optimal solution, the computational time will be increased. The results show that the global optimal solution is obtained at least two calculations in the five calculations. Therefore, the setting of these parameters is reasonable. At the confidence level of 0.5, the minimum best value in remaining three runs is 45910675. The maximum best value is 46081298. The error rate is (46081298-45910675)/ 46081298=0.37%. Since the error rates at three different confidence levels are less than 2.5%, Monte Carlo simulation embedded genetic algorithm is valid. 
	Table 13  Results of different confidence levels

	confidence levels
	run
	manufacturers
	decomposition centers
	distribution centers
	collection centers
	1st suppliers
	2nd suppliers
	best value

	
	
	1
	2
	3
	1
	2
	3
	1
	2
	3
	1
	2
	3
	1
	2
	1
	2
	

	0.95
	1
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	70218352

	
	2
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	69747808

	
	3
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	70864465

	
	4
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	70534049

	
	5
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	69169376

	0.9
	1
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	65736471

	
	2
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	66071342

	
	3
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	65804834

	
	4
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	66474494

	
	5
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	65393321

	0.5
	1
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	46043264

	
	2
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	46081298

	
	3
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	46471532

	
	4
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	
	45910675

	
	5
	　
	
	
	
	
	　
	
	
	　
	
	
	　
	　
	
	　
	
	45916411

	denotes that the facility of closed-loop supply chain network is opened.


Table 13 Results of different confidence levels
5.5 Sensitivity analysis
In this subsection, how the variation (uncertainty) in single factor affects the performance (profit) of CLSC network is studied.
5.5.1 Effects of disposed rates variation

The effects of variation in disposed rates by using triangular fuzzy numbers with an increment of 0.05 in each scenario (see Table 14). Other parameters are given from Table 1 to from Table 7. Each scenario for 1000 times with stochastic prices is experimented and the profit for each scenario is summarized in Fig. 3. In each scenario, profit of 95% confidence level is greater than profit of 90% and 50% confidence level, which denotes the profit increases with the increase in confidence level. Profits of CLSC network at three confidence levels increase with the increase in the disposed rates. This is because the profits from recycled products are smaller than the costs from recycled products. The disposed rates increase a lot, but profit increases a little. For example, at the confidence level of 50%, the disposed rates of collection centers and decomposition centers increase by 800% and by 267%, respectively, but profit only increases by 14.2 percent, which means the profit is not sensitive to the change of the disposed rates.
	Table 14  Variation in disposed rate

	
	scenario(1)
	scenario(2)
	scenario(3)
	scenario(4)
	scenario(5)

	1p
	
	
	
	
	(0.2,0.25,0.3)

	2p
	
	
	
	
	(0.2,0.25,0.3)

	1j
	
	
	
	
	(0.3,0.35,0.4)

	2j
	
	
	
	
	(0.3,0.35,0.4)

	
	scenario(6)
	scenario(7)
	scenario(8)
	scenario(9)
	

	1p
	
	
	
	
	

	2p
	
	
	
	
	

	1j
	
	
	
	
	

	2j
	
	
	
	
	


Table 14 Variation in disposed rate
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Fig. 3. Profits vs. changes in disposed rates
5.5.2 Effects of demands variation

The effect of change in demands by using triangular fuzzy numbers in each scenario (see Table 15). The disposed rates of collection centers and decomposition centers are 0.15 and 0.25, respectively. Other parameters are given from Table 1 to from Table 7. Each scenario for 1000 times with stochastic price is experimented and the profit for each scenario is summarized in Fig. 4. In each scenario, profit of 95% confidence level is greater than profit of 90% and 50% confidence level, which denotes the profit increases with the increase in confidence level. Profits at three confidence levels increase with the increase in the demands from scenario (1) to scenario (3). Profits almost remain unchanged from scenario (3) to scenario (7). From scenario (7) to scenario (9), profit increases rapidly. Overall, the profits increase with increasing demands. This is because the increasing profits from products are larger than the decreasing profits from recycled products. The demands increase a little, but profits increase a lot. For example, at the confidence level of 50%, the demands of the first product, the second product, the first recycled product, and the second recycled product only increase by 50%, but profit increases by 84%, which means the profit is sensitive to the change of demands.

	Table 15  Variation in demand

	
	scenario(1)
	scenario(2)
	scenario(3)
	scenario(4)
	scenario(5)

	D1kt
	
	
	
	
	(580,600,620)

	D2kt
	
	
	
	
	(680,700,720)

	H1kt
	
	
	
	
	(430,450,470)

	H2kt
	
	
	
	
	(305,325,345)

	
	scenario(6)
	scenario(7)
	scenario(8)
	scenario(9)
	

	D1kt
	
	
	
	
	

	D2kt
	
	
	
	
	

	H1kt
	
	
	
	
	

	H2kt
	
	
	
	
	


Table 15 Variation in demand
[image: image345.png]8.5

B 50% confidence level e
. 90% confidence level T
““““““““““““““““““““““““““““““““““ 95% confidence level
| | | | | | | | |
S(1) S(2) S(3) S(4) S(9) S(6) S(7) S(8) S(9)

capacity




Fig. 4. Profits vs. changes in demands

5.5.3 Effects of capacities variation
The effect of change in capacities by using triangular fuzzy numbers in each scenario (see Table 16). Other parameters are given from Table 1 to from Table 7. We experiment each scenario for 1000 times with stochastic price is experimented and the profit for each scenario is summarized in Fig. 5. In each scenario, profit of 95% confidence level is greater than profit of 90% and 50% confidence level, which denotes the profit increases with the increase in confidence level. Profits at three confidence levels increase with the increase in the capacities from scenario(1) to scenario(2). Profits almost remain unchanged from scenario(2) to scenario(6). From scenario(6) to scenario(7), profit increases rapidly. Profits almost remain unchanged from scenario(7) to scenario(8). From scenario(8) to scenario(9), profit increases slowly. Overall, the profits increase with increasing capacities. This is because the number of facilities which are opened decreases with the increase in the capacities. Thus the fix costs are reduced and the profits are increased. Furthermore, the capacities increase a lot, but profits increase a little. For example, at the confidence level of 50%, the capacities of all facilities increase by 133%, but profit only increases by 47%, which means the profit isn’t sensitive to the change of capacities.

	Table 16 Variation in capacities

	
	scenario(1)
	scenario(2)
	scenario(3)
	scenario(4)
	scenario(5)

	m1i
	(1600,2100,2600)
	(1950,2450,2950)
	(2300,2800,3300)
	(2650,3150,3650)
	(3000,3500,4000)

	m2i
	(1600,2100,2600)
	(1950,2450,2950)
	(2300,2800,3300)
	(2650,3150,3650)
	(3000,3500,4000)

	m1j
	(500,600,700)
	(600,700,800)
	(700,800,900)
	(800,900,1000)
	(900,1000,1100)

	m2j
	(500,600,700)
	(600,700,800)
	(700,800,900)
	(800,900,1000)
	(900,1000,1100)

	m1l
	(1600,2100,2600)
	(1950,2450,2950)
	(2300,2800,3300)
	(2650,3150,3650)
	(3000, 3500, 4000)

	m2l
	(1300,1800,2300)
	(1600,2100,2600)
	(1900,2400,2900)
	(2200,2700,3200)
	(2500,3000,3500)

	m1p
	(1080,1380,1680)
	(1310,1610,1910)
	(1540,1840,2140)
	(1770,2070,2370)
	(2000,2300,2600)

	m2p
	(1000,1200,1400)
	(1200,1400,1600)
	(1400,1600,1800)
	(1600,1800,2000)
	(1800,2000,2200)

	m1s1
	(8000,9000,10000)
	(9500,10500,11500)
	(11000,12000,13000)
	(12500,13500,14500)
	(14000,15000,16000)

	m2s2
	(8000,9000,10000)
	(9500,10500,11500)
	(11000,12000,13000)
	(12500,13500,14500)
	(14000,15000,16000)

	
	scenario(6)
	scenario(7)
	scenario(8)
	scenario(9)
	

	m1i
	(3350,3850,4350)
	(3700,4200,4700)
	(4050,4550,5050)
	(4400,4900,5400)
	

	m2i
	(3350,3850,4350)
	(3700,4200,4700)
	(4050,4550,5050)
	(4400,4900,5400)
	

	m1j
	(1000,1100,1200)
	(1100,1200,1300)
	(1200,1300,1400)
	(1300,1400,1500)
	

	m2j
	(1000,1100,1200)
	(1100,1200,1300)
	(1200,1300,1400)
	(1300,1400,1500)
	

	m1l
	(3350,3850,4350)
	(3700,4200,4700)
	(4050,4550,5050)
	(4400,4900,5400)
	

	m2l
	(2800,3300,3800)
	(3100,3600,4100)
	(3400,3900,4400)
	(3700,4200,4900)
	

	m1p
	(2230,2530,2830)
	(2460,2760,3060)
	(2690,2990,3290)
	(2920,3220,3520)
	

	m2p
	(2000,2200,2400)
	(2200,2400,2600)
	(2400,2600,2800)
	(2600,2800,3000)
	

	m1s1
	(15500,16500,17500)
	(17000,18000,19000)
	(18500,19500,20500)
	(21000,21000,22000)
	

	m2s2
	(15500,16500,17500)
	(17000,18000,19000)
	(18500,19500,20500)
	(21000,21000,22000)
	


Table 16 Variation in capacities
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Fig. 5. Profits vs. changes in capacities
6. Conclusions and future researches
This article designs a CLSC network successfully which includes four echelons (i.e. raw material suppliers, manufactures, distributor centers and customer zones) in the forward direction and three echelons (i.e. customer zones, collection centers, decomposition centers) in the backward direction. The proposed model makes designers of CLSC network locate facilities of CLSC network to maximize overall profits. In order to tackle the complex model, a hybrid solution framework is developed, which incorporates Monte Carlo simulation embedded genetic algorithm, chance-constrained programming, and fuzzy programming. Parameters of hybrid GA are chosen to find a global optimal solution with a faster time. Compared with hybrid PSO, the effectiveness of the hybrid GA is demonstrated by non-parametric tests. Computational study verifies the validation of Monte Carlo simulation embedded genetic algorithm. A more practical environment is handled by simultaneously considering two major sources of uncertainties. The proposed solution framework is pragmatic and effective. The article contributes to CLSC network literature by proposing a comprehensive fuzzy programming and chance-constrained programming model. The solution methodology and the model provide useful guidelines for solving the design issue of complex CLSC network. This paper gives a comprehensive treatment of uncertainty in CLSC network design. Scholars and managers in systems engineering, information science, and operation management will find this research useful and valuable. 

However, there is some guidance for future research. Firstly, future research should consider the hybrid facilities in the CLSC network, which can increase the profits of CLSC network in forward and reverse direction. Secondly, few articles consider large-scale examples in the field of CLSC network. Therefore, different sizes of examples are worth studying. Thirdly, strategic aspects of CLSC network such as competition and technology need more researches in order to develop a stronger theoretical framework (Rubio et al. 2008).
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Appendix A
	Table A.1 Quantities of the first and second raw material suppliers to the manufacturers

	quantities
	manufacturers

	
	2
	3

	the first raw material suppliers
	2
	2283.8
	3600

	the second raw material suppliers
	2
	2549.4
	3500


Table A1 Quantities of the first and second raw material suppliers to the manufacturers
	Table A.2 Quantities of manufacturers to distribution centers

	quantities
	the first product
	the second product

	
	distribution centers

	
	1
	2
	1
	2

	manufacturers
	2
	0
	1800
	0
	2100

	
	3
	1800
	0
	2100
	0


Table A2 Quantities of manufacturers to distribution centers
	Table A.3 the quantities of  distribution centers to customer zones 

	quantities
	the first product
	the second product

	
	collection centers

	
	1
	2
	1
	2

	customer zones
	1
	600
	0
	700
	0

	
	2
	0
	600
	0
	700

	
	3
	600
	0
	700
	0

	
	4
	0
	600
	0
	700

	
	5
	0
	600
	0
	700

	
	6
	600
	0
	700
	0


Table A3 the quantities of distribution centers to customer zones
	Table A.4 Quantities of  customer zones to collection centers

	quantities
	the first product
	the second product

	
	collection centers

	
	1
	2
	1
	2

	customer zones
	1
	450
	0
	325
	0

	
	2
	0
	450
	0
	325

	
	3
	450
	0
	325
	0

	
	4
	0
	450
	0
	325

	
	5
	0
	450
	0
	325

	
	6
	450
	0
	325
	0


Table A4 Quantities of customer zones to collection centers
	Table A.5 Quantities of collection centers to decomposition centers

	quantities
	the first product
	the second product

	
	decomposition centers

	
	2
	3
	2
	3

	collection centers
	1
	122.5
	755
	366.25
	267.5

	
	2
	877.5
	0
	633.75
	0


Table A5 Quantities of collection centers to decomposition centers
	Table A.6 Quantities of decomposition centers to manufacturers

	quantities
	the first product
	the second product

	
	manufacturers

	
	2
	3
	2
	3

	decomposition centers
	2
	750
	0
	750
	0

	
	3
	566.25
	0
	200.63
	0


Table A6 Quantities of decomposition centers to manufacturers
	Table A.7  Average error rate of GA and PSO obtained in different cases

	data
	data1
	data2
	data3
	data4
	data5
	data6
	data7
	data8
	data9
	data10

	GA
	9.34E-04
	1.06E-03
	1.44E-03
	8.89E-04
	1.45E-03
	7.07E-04
	7.16E-04
	3.46E-03
	1.68E-03
	7.77E-04

	PSO
	6.66E-03
	9.09E-03
	1.08E-02
	6.09E-03
	8.49E-03
	6.83E-03
	1.01E-02
	3.03E-02
	8.48E-03
	7.08E-03

	data
	data11
	data12
	data13
	data14
	data15
	data16
	data17
	data18
	data19
	data20

	GA
	2.20E-03
	1.14E-03
	2.24E-03
	1.26E-03
	1.43E-03
	1.75E-03
	1.04E-03
	1.09E-03
	1.74E-03
	1.19E-03

	PSO
	1.45E-02
	7.61E-03
	1.15E-02
	9.31E-03
	1.47E-02
	9.61E-03
	9.13E-03
	1.14E-02
	1.01E-02
	1.10E-02

	data
	data21
	data22
	data23
	data24
	data25
	data26
	data27
	data28
	data29
	data30

	GA
	3.49E-03
	3.13E-03
	3.08E-03
	3.21E-03
	7.73E-04
	1.42E-03
	9.54E-04
	2.62E-03
	1.12E-03
	4.58E-03

	PSO
	2.74E-02
	1.89E-02
	2.47E-02
	2.10E-02
	6.34E-03
	7.64E-03
	6.19E-03
	1.97E-02
	9.28E-03
	4.42E-02

	data
	data31
	data32
	data33
	data34
	data35
	data36
	data37
	data38
	data39
	data40

	GA
	1.08E-03
	1.23E-03
	1.60E-03
	1.01E-03
	1.05E-03
	8.88E-04
	1.29E-03
	1.37E-03
	1.02E-03
	1.58E-03

	PSO
	1.12E-02
	7.02E-03
	1.13E-02
	8.18E-03
	8.29E-03
	6.55E-03
	5.89E-03
	7.09E-03
	7.21E-03
	8.94E-03

	data
	data41
	data42
	data43
	data44
	data45
	data46
	data47
	data48
	data49
	data50

	GA
	1.20E-03
	1.49E-03
	2.81E-03
	6.69E-04
	2.03E-03
	1.98E-03
	2.05E-03
	9.99E-04
	1.19E-03
	1.03E-03

	PSO
	1.26E-02
	8.59E-03
	3.02E-02
	6.95E-03
	1.26E-02
	1.40E-02
	1.33E-02
	6.98E-03
	7.66E-03
	6.86E-03


Table A7 Average error rate of GA and PSO obtained in different cases
Biographical notes: Zhuo Dai is PhD and an Associate Professor of Jiujiang University. After graduation, he entered a steel company. Then he was admitted to the Yunnan Agricultural University. In 2003, he was awarded a Master’s degree in Management and entered in Jiujiang University. In 2011, he was awarded of a PhD by Xiamen University. His principal research directions are e-commerce, supply chain network management.
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