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A Novel Sustainable Multi-Objective Optimization Model for 

Forward and Reverse Logistics System under Demand Uncertainty  

Abstract 
The paper aims to present a multi-product, multi-stage, multi-period, and multi-objective, 

probabilistic mixed-integer linear programming model for a sustainable forward and reverse 

logistics network problem. It looks at original and return products to determine both flows in the 

supply chain -forward and reverse- simultaneously. Besides, to establish centres of forward and 

reverse logistics activities and make a decision for transportation strategy in a more close-to-real 

manner, the demand is considered uncertain. We attempt to represent all major dimensions in the 

objective functions: First objective function is minimizing the processing, transportation, fixed 

establishing cost and costs of CO2 emission as environmental impacts. Furthermore, the processing 

time of reverse logistics activities is developed as the second objective function. Finally, in the 

third objective function, it is tried to maximize social responsibility. Indeed, a complete sustainable 

approach is developed in this paper. In addition, this model provides novel environmental 

constraint and social matters in the objective functions as its innovation and contribution. Another 

contribution of this paper is using probabilistic programming to manage uncertain parameters. 

Moreover, a non-dominated sorting genetic algorithm (NSGA-II) is configured to achieve Pareto 

front solutions. the performance of the NSGA-II is compared with a multi-objective particle swarm 

optimization (MOPSO) by proposing 10 appropriate test problems according to five comparison 

metrics using analysis of variance (ANOVA) to validate the modeling approach.Overall, according 

to the results of ANOVA and the comparison metrics, the performance of NSGA-II algorithm is  

more satisfying compared with that of MOPSO algorithm. 

Keywords 
Sustainable Reverse Logistics; Supply Chain; Multi-objective Probabilistic Programming; Social 

Responsibility; Multi-objective Particle Swarm Optimization (MOPSO); Non-dominated Sorting 

Genetic Algorithm (NSGA-II); Analysis of Variance (ANOVA). 

1. Introduction  
These days, given the inescapable fluctuations in various industries, diversification of products 

have been increased rapidly and the life cycle of goods are reduced dramatically rather than in 

previous decades. Therefore, the majority of companies except to manage economic logistics 

criteria such as a decrease in costs and various risks (Moktadir et al. 2019). Despite these facts, 

they hardly try to protect the environment and cover social responsibility issues. To achieve this 

target, reverse logistics is one of the most powerful approaches in the supply chain. This tool 

(operation) is a backward flow of goods in the supply chain (Zarbakhshnia et al. 2020). Used 

products (called return products) within a reverse supply chain network are gathered from the 

customers and they are intended to be used in any way again (Bai and Sarkis, 2018). Reverse 

logistic is suitably defined in Rogers and Tibben-Lembke (1999) from a generic point of view: 

"reverse logistics is the trend of design, schedule, planning, controlling and warehousing and also 



information for returned products in reverse flow of classical supply chain in order to recovering 

value and get a competitive advantage." 

  

 

Reverse logistics decisions can be scheduling, scheming, controlling, and designing the flow of 

raw products and materials, work-in-process products and finished goods but not as it is in the 

classical form (Li et al. 2018). The inputs are the end-of-life products which can be effectively and 

systematically collected from the customer and be transferred to the recovery, recycling, and 

disposal activities (Zarbakhshnia et al. 2018). Recently, the process of recycling and reusing is 

more profitable for an enterprise; specifically, when the producer is capable of collecting the used 

products from consumers and afterwards selling them to the customers as new products or second-

hand ones after remanufacturing activities. The main emphasis of reverse logistics is on taking 

back the products and then, recover them efficiently and economically. Saving natural resources, 

environment, entrepreneurship and adding to economic preponderance for firms to implement 

reverse logistics (Mishra and Singh 2020) is desired. Figure 1 graphically illustrates a simple 

framework for the forward and reverse logistics flow. 

Most significant responsibilities of reverse logistics are included in two main categories; the 

first one is being responsible for value-added processes intended to cover customers' demands (as 

before) and the second one is trying to gather the end-of-life products (called return products) from 

customers and identify the best ways to consider them (Govindan and Soleimani, 2017). 

Nowadays, reverse logistics activities are utilized in lots of industries such as metals, glass, 

electronic products and computers, automobiles, plastics, paper and aircraft (Zarbakhshnia et al. 

2019). There is a growing interest in product reuse approaches because of two main reasons. The 

first reason is the improvement of environmental awareness and legislations and the second reason 

is the proven profits of engagement in reuse activities in many industries. To execute reverse 

logistics efficiently, it requires that an adequate logistics network established to start reverse 

Figure 1. A general flow of both of reverse and forward logistics activities (Mavi et al. 2017). 



logistics activities such as collection, disassembly, recycling, remanufacturing, repairing and 

disposal. Also, the rate of uncertainty related to timing and quantity of products is one of the major 

hardships about reverse logistics (Darbari et al. 2019), which is considered in this study. 

Since there are governmental legislations as well as non-governmental associations try to 

protect the environment, the firms cannot ignore environmental issue. Therefore, nowadays they 

focus on environmental criteria significantly more than before (Govindan et al. 2015). At present, 

sustainability is a growing social, environmental, and economical issue which requires 

organizations to be more responsible than before. Considering such concepts, logistics providers 

play a vital role since they have an important position in the closed-loop supply chain (Taleizadeh 

et al. 2019). The involved companies face many challenges in designing, scheduling, and operation 

challenges of sustainable logistics systems. Firms try to react to these challenges while considering 

economic, environmental, and social objectives. Moreover, making appropriate decisions about 

tools that help them to improve these goals are very difficult so they should get help from academic 

researchers (Johari and Hosseini-Motlagh 2019). 

 

It is agreed by researchers that sustainability has three dimensions: economic, environmental 

and social (see Figure 2) (Su et al. 2018; Zarbakhshnia and Jaghdani 2018; Hajiaghaei-Keshteli 

and Fard 2019; Hosseini-Motlagh et al. 2020). As Geyer and Jackson (2004) state, “the future will 

belong to those firms whose strategies for product end-of-life management succeed in 

simultaneously creating both environmental and economic value, a wine win opportunity”. 

Consequently, planning and designing a sustainable reverse logistics must be based on economic, 

environmental, and social items. Hence, operations of sustainable logistics, to be more specific 

sustainable reverse logistic, are faced with all these three-dimension challenges (Agrawal and 

Singh 2019). 

Environmental protection and social matters are the key foundations of sustainable logistics 

besides economic issues (Dutta et al. 2020). Based on this point of view, reverse logistics is a sub-

Figure 2. The three pillars of sustainability (Garetti and Taisch 2012). 



category of sustainable logistics that is endeavouring to deliver second-hand goods at the end-of-

life from consumers to producers for activities such as refurbishing, repairing, remanufacturing, 

recycling, disposal, and parts recovery to diminish pollution and product waste into logistics 

networks and supply chains (Dev et al. 2020). Covering all aspects of sustainable development, 

brings social factors into account (Mavi et al. 2017). 

Based on the above-mentioned statements, both reverse logistics and sustainability are 

significant issues to protect the environment and respond to social concerns while economic 

matters are taken into account. Hence, their combination would be a rewarding strategy for goods 

producers and manufacturers and also transportation organizations. These important topics 

motivate researchers and managers to concentrate on such strategies to achieve a competitive 

advantage in terms of sustainability concerns. To address these matters, this study tries to answer 

the following main research question: 

What is an appropriate sustainable multi-objective forward and reverse logistics model to 

optimize three dimensions of sustainability and time functions for manufacturing companies? 

Sub-questions of this study are as follow: 

How the demands of a forward and reverse logistics network can be included in a mathematical 

model to make them close to the real-world situation? 

How the CO2 emission can be restricted in a forward and reverse logistics optimization model 

by constraints based on government policy? 

To address the proposed research questions, a sustainable forward and reverse logistics network 

is designed and planned. This study recommends a probabilistic multi-echelon multi-period multi-

objective model. We consider three objective functions: minimizing total costs, minimizing time 

of reverse logistics activities, and maximizing the social responsibility. Then, being compatible 

with real-world situations, an uncertain demand parameter is introduced using probabilistic 

programming. A non-dominated sorting genetic algorithm (NSGA-II) is fitted to get solutions of 

the three dimensional Pareto front and compare them with those from a multi-objective particle 

swarm optimization (MOPSO). To validate the proposed solution approaches, five comparison 

metrics are utilized using analysis of variance (ANOVA). In sum, figure 3 depicts the process 

undertaken in this research.  
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The remainder of this paper is organized as follows: Section 2 covers a comprehensive literature 

review. Model formulation and characteristics for sustainable forward and reverse logistics are 

elaborated in Section 3. Section 4 represents multi-objective evolutionary algorithms. Numerical 

results, comparison metrics and statistical analysis are shown in Section 5. Eventually, Section 6 

concludes the paper and recommends future research directions. 

2. Literature Review  
Sustainable supply chain management tries to control all the processes and steps from suppliers 

to consumers while considering economic, environmental, and social issues. Furthermore, reverse 

logistics is a backward flow of products starts from end-of-life products of consumers to 

manufactures to recover products or transform them into raw materials with recycling (Maheswari 

et al. 2017).  

Beamon (1999) analyzed the environmental factors to apply reverse logistics. A conceptual 

structure for classical supply chain, reverse logistics in a green structure is introducedby Beamon 

(1999). Logistic networks’ features, represented in Fleischmann (2000), are considered to be 

consistent with the reverse supply chain. So far, different aspects of designing, planning and using 

reverse supply chain have been researched in numerous studies. Here, we consider sustainable 

forward and reverse logistics with multi-objective programming under uncertainty of demand.  

Govindan et al. (2016a) proposed a multi-objective model for a sustainable closed-loop supply 

chain network for location problem about centres of reverse logistics activities with hybrid 

recovery facility. The objective of the model is to maximize benefits and save costs at the same 

time, and to reduce the detrimental effects of production trend and makes a rewarding influence 

on social development. Govindan et al. (2016b) tried to apply a fuzzy multi-objective model to 

design a sustainable reverse logistics network. Objective functions try to reduce costs, decrease 

environmental issues and finally maximize social responsibility respectively with uncertain 



parameters. Guo et al. (2017a) developed a dynamic and multi-period optimization model for 

designing a reverse logistics system that was solved by particle swarm optimization (PSO) 

algorithm and genetic algorithm (GA) for comparison of the results. 

Yu, H and Solvang (2017) proposed a multi-product multi-echelon optimization model based 

on stochastic programming to design a sustainable reverse logistics network. They provided a 

multi-criteria scenario-based risk-averse approach to solve their suggested model. Liao (2018) 

proposed a reverse logistics based on a single period and multi-product mathematical model for a 

Taiwanese case study for recycling urban waste. The model was solved by GA. Reddy et al. (2019) 

designed a logistics network for the reverse flow of products using a multi-period mathematical 

model which is solved by a heuristic algorithm. The model considered carbon effects and was 

applied in an Indian lithium-ion batteries case study. Besides, the obtained results were compared 

with the results of Benders decomposition and branch & cut approach. Park et al. (2020) worked 

on a multiple objectives mathematical model considering remanufacturing policy, facilities and 

environmental issues to design a reverse logistics system. Their model was a single period and 

products. To solve the proposed model, an Epsilon-constraint methodwas applied in a generated 

large size numerical experiment. Azizi et al. (2020) suggested a reverse logistics system design 

contain multiple periods and lot sizing. The objective function of the model tried to optimize 

numbers of facilities centres and warehouses and minimize the costs of the whole network. Finally, 

the model was tested by a consumer products firm case study. 

In Table 1, recent relevant publications are reviewed in forward and reverse logistics through 

various characteristics to find the research gaps in this field. The final row clarifies the role of this 

study in the literature. 



Table. 1. A summary of forward and reverse logistics literature review design and planning. 

Row References Year Period Product objective 
Solution 

Method 
Approach Environment Decision level 

1 
Fattahi and 

Govindan 
2016 Multi Multi Single 

Simulated 

Annealing 
Economic Stochastic 

Design and 

Planning 

2 Govindan et al. 2016a Multi Single Multi LINGO Sustainable Certain 
Design and 

Planning 

3 Govindan et al. 2016b Multi Single Multi 

MOPSO and 

Epsilon-

Constraint 

Sustainable Fuzzy Logic 
Design and 

Planning 

4 Guo et al. 2017a Multi Single Single GA and PSO Economic Uncertain 
Design and 

Planning 

5 Yu, H and Solvang 2017 Single Multi Single Heuristic Sustainable stochastic Design 

6 Kumar et al. 2017 Multi Single Single AIS and PSO Economic Certain 
Design and 

Planning 

7 Soleimani et al. 2017 Multi Multi Multi GA Sustainable Fuzzy Logic Design 

8 Paydar and Olfati 2018 Single Single Single GA and IC Economic Certain Design 

9 Liao 2018 Single Multi Single GA Environmental Certain Design 

10 Banguera et al 2018 Single Single Single CPLEX Economic Certain Design 

11 Reddy et al 2019 Multi Single Single Heuristic Environmental Certain Design 

12 Wang et al. 2019 Multi Single Multi LINGO Economic Certain 
Design and 

Planning 

13 Ren et al. 2019 Single Single Single GA Environmental Fuzzy Design 

14 Park et al. 2020 Single Single Multi 
Epsilon-

Constraint 
Environmental Certain Design 

15 Azizi et al. 2020 Multi Single Single Heuristic Economic stochastic Design 

16 Our Research 2020 Multi Multi Multi 
NSGA-II and 

MOPSO 
Sustainable Probabilistic 

Design and 

Planning 

 



 

According to Table 1, the contributions of this study for designing and planning a probabilistic 

sustainable forward and reverse logistics are classified as follows: 

• Providing and modelling new social issues as an objective function. Four indices are 

considered for social responsibility to explore the social dimension. First, the number of 

occupation opportunities created in distributing and collecting centres. Second, the average 

courses and training classes held in distributing and collecting centres. Third, the average lost 

days eventuated from damages at work happening in distributing and collecting centres. 

Fourth, the average accidents happening at work per worker in distributing and collecting 

centres. 

• Developing a new environmental constraint to restrict CO2 emission in a sustainable forward 

and reverse logistics. The amount of emitted CO2 in the entire forward and reverse logistics 

network must be less than or equal to the amount of allowed emitted CO2 in the entire forward 

and reverse logistics network. 

• Configuring an NSGA-II based on the priority-based encoding approach to solve the 

provided model to gain the Pareto-optimal solutions of the problem and its performance is 

compared with the MOPSO algorithm. 

To sum it up, a multi-product, multi-period, multi-stage, multi-objective probabilistic model is 

provided in this research that considers both forward and reverse logistics flow. In addition, to 

enhance the solution performance, this paper uses NSGA-II algorithms. In the end, the results are 

compared with a MOPSO algorithm regarding five comparison metrics using ANOVA. 

3. Proposed Multi-objective Model 
First, the problem is elaborated, then, model assumptions, and characteristics of the model are 

presented alongside model formulation.  Finally, we define the equations and constraints of the 

developed model. 

3.1 Problem Definition 
In the present study, three objective functions for a sustainable forward and reverse logistics 

mathematical model is provided. The schematic view of the network is presented in Figure 4. 

There are two flows within this problem: The forward logistics in which the raw materials are sent 

to the manufacturing centres from the suppliers’ centres. Then, the products are manufactured and 

some of them are delivered to the distributing and collecting centres which are integrated. Also, 

some others are transferred to warehouse centres and are delivered to distribution and collection 

centres when necessary. But the next flow involves the reverse logistics in which the used and 

returned products are purchased from the customer areas and are collected in the distribution and 

collection centres. Next, they are sent to the test centres and then, they are separated into 

disassembly and non-disassembly products. The disassembly products are sent to the disassembly 

centres and are transformed into parts after the disassembly process. They are then sent to control, 



cleaning, and sorting centres. Likewise, the non-disassembly products are directly sent to control, 

cleaning, and sorting centres from the test centers. In these centres, the returned non-disassembly 

products and the disassembly parts are controlled and cleaned. Afterwards, the retrievable non-

disassembly products are sent to the repair and recondition centres based on demands. Afterwards, 

the outputs can enter to the forward logistics. The retrievable disassembly parts are sent to the 

remanufacturing centres and they also enter to the forward logistics after the procedures. 

Irretrievable products and parts are sent to the recycle and disposal centres to be recycled or 

disposed of according to material, type, and demands. The raw materials produced in the recycling 

process are sent to the suppliers' centres from recycle and disposal centres.  

 

 

3.2 Model Assumptions 
The assumptions of the model are presented as follows: 

• The demand for repair and recondition centrescentres, remanufacturing centres, recycling and 

disposal centres and customer areas are perceived as random variables. 

• The number of potential repair and recondition centres, remanufacturing centres, recycling 

and disposal centres, distributing and collecting centres, test centres, disassembly centres and 

control, cleaning, sorting centres and the capacities of all entities are predetermined. 

• The number of suppliers, manufacturers, warehouses and customers is identified and constant. 

• Distribution and collection centres are considered to act as cross-docks. Also, the products are 

immediately transferred.  

• Transportation costs of each used product, from supplier centres to manufacturing centres and 

from recycling and disposal centres to supplier centres, is regarded as the cost of raw materials. 

Figure 4. Flow diagram of forward/reverse logistics activities. 



• Some products, which are unnecessary to be disassembled, should directly be sent from test 

centres to control, cleaning, and sorting centres, not through the disassembly centres. 

• The model is multi-product, multi-stage, and multi-period. 

• Since the selling locations for the new products and the output products of the reverse flow 

are the same, we consider one type of customer for this model. 

• In the mathematical equations, there is not a difference between new products and recovered 

product. 

• The new and recovered products are sold in two separated markets.   

3.3 Indices 
The indices applied in this study are provided in Table 2. 

 
Table. 2. Indices of multi-objective sustainable forward and reverse logistics model. 

indices Definition 

(𝑙 ∈ 𝐿) Index of customer areas 𝑙 
(𝑖 ∈ 𝐼) Index of distributing and collecting centres 𝑖 
(𝜕 ∈ 𝝏) Index of various collection technologies at distributing and collecting centres 𝜕  

(𝑓 ∈ 𝐹) Index of manufacturing centres 𝑓 

(𝑤 ∈ 𝑊) Index of warehouse centres 𝑤 

(𝑠 ∈ 𝑆) Index of supplier centres 𝑠 

(ℎ ∈ 𝐻) Index of test centres ℎ 

(𝑗 ∈ 𝐽) Index of disassembly centres 𝑗 

(𝑘 ∈ 𝐾) Index of control, cleaning, sorting centres 𝑘 

(𝑒 ∈ 𝐸) Index of repair and recondition centres 𝑒 

(𝑧 ∈ 𝑍) Index of remanufacturing centres 𝑧 

(𝑟 ∈ 𝑅) Index of recycle and disposal centres 𝑟 

(𝜆 ∈ 𝝀) Index of time periods 𝜆 

(𝑝 ∈ 𝑃) Index of products 𝑝 

(𝑚 ∈ 𝑀) Index of parts 𝑚 

 

3.4 Parameters 
The parameters of the model are illustrated in Tables 3 to 9. 

 
Table. 3. Capacity parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝜌𝑖𝑝
𝜕  The capacity of distributing and collecting centre 𝑖 with technology 𝜕 for product 𝑝∗ and used product 𝑝 

𝜌ℎ𝑝 The capacity of test centre ℎ for used product 𝑝 

𝜌𝑗𝑝 The capacity of disassembly centre 𝑗 for used product 𝑝 

𝜌𝑘𝑝𝑚 The capacity of control, cleaning, sorting centre 𝑘 for used product 𝑝 and part 𝑚 

𝜌𝑒𝑝 The capacity of repair and recondition centre 𝑒 for used product 𝑝 

𝜌𝑧𝑚 The capacity of remanufacturing centre 𝑧 for part 𝑚 

𝜌𝑟𝑝 The capacity of recycling and disposal centre 𝑟 for used product 𝑝 

𝜌𝑟𝑚 The capacity of recycling and disposal centre 𝑟 for part 𝑚 

 

 

Table. 4. Demand parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝑑𝑙𝑝λ The demand of product 𝑝 in customer area 𝑙 in period 𝜆 (random variable). 

𝑑𝑙𝑝𝜆 The demand of used products 𝑝∗ in customer area 𝑙 in period 𝜆 (random variable). 



𝑑𝑟𝑝λ The demand of used product 𝑝 in recycle and disposal centre 𝑟 in period 𝜆 (random variable). 

𝑑𝑟𝑚λ The demand of part 𝑚 in recycle and disposal centre 𝑟 in period 𝜆 (random variable). 

𝑑𝑒𝑝λ The demand of used product 𝑝 in repair and recondition centre 𝑒 in period 𝜆 (random variable). 

𝑑𝑧𝑚λ The demand of part 𝑚 in remanufacturing centre 𝑧 in period 𝜆 (random variable). 

 

 

Table. 5. Conversion coefficient parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝑛𝑗𝑚𝑝λ 
The number of parts  type 𝑚 from disassembling one unit of used product 𝑝 in period 𝜆 

(Conversion coefficient). 

𝑛𝑘𝑝λ 
The number of used product 𝑝 from control, cleaning, sorting centre 𝑘 to repair and 

recondition centre 𝑒 in period 𝜆 (Conversion coefficient). 

𝑛𝑘𝑚λ 
The number of part 𝑚 from control, cleaning, sorting centre 𝑘 to remanufacturing centre 𝑧 in 

period 𝜆 (Conversion coefficient). 

𝑛𝑘𝑟𝑝λ 
The number of used product 𝑝 from control, cleaning, sorting centre 𝑘 to recycle and disposal 

centre 𝑟 in period 𝜆 (Conversion coefficient). 

𝑛𝑘𝑟𝑚λ 
The number of part 𝑚 from control, cleaning, sorting centre 𝑘 to recycle and disposal centre 𝑟 

in period 𝜆 (Conversion coefficient). 

 

 

 

Table. 6. Cost parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝐶𝑝𝑚 The total cost of processing, emission CO2, and products and parts transportation in the system. 

𝐶𝑙𝑝λ The cost for buy each of unit used product 𝑝 from customer 𝑙 in period 𝜆 

𝐶𝑖𝑝
𝑐𝑜 𝜕 

The fixed establishing  cost of distributing and collecting centre 𝑖 with technology 𝜕 for product 

𝑝∗ and used product 𝑝 

𝐶ℎ𝑝
𝑐𝑜 The fixed establishingcost of test centre ℎ for used product 𝑝 

𝐶𝑗𝑝
𝑐𝑜 The fixed establishing cost of disassembly centre 𝑗 for used product 𝑝 

𝐶𝑘𝑝𝑚
𝑐𝑜  The fixed establishing cost of control, cleaning, sorting centre 𝑘 for used product 𝑝 and part 𝑚 

𝐶𝑒𝑝
𝑐𝑜 The fixed establishing cost of repair and recondition centre 𝑒 for used product 𝑝 

𝐶𝑧𝑚
𝑐𝑜  The fixed establishing cost of remanufacturing centre 𝑧 for part 𝑚 

𝐶𝑟𝑝
𝑐𝑜 The fixed establishing cost of recycling and disposal centre 𝑟 for used product 𝑝 

𝐶𝑟𝑚
𝑐𝑜  The fixed establishing cost of recycling and disposal centre 𝑟 for part 𝑚 

𝐶𝑤𝑝λ The fixed cost of keep in warehouse centre 𝑤 for each unit product 𝑝 in period 𝜆. 

𝐶𝐸 The fixed cost of over the limit CO2 for emissions per ton. 

 

 

Table. 7. Benefit parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝜏𝑖𝑝
𝜕  

The fixed benefit of saved establishing  match both of distributing and collecting centres 𝑖 with 

technology 𝜕 

𝜏𝑝𝜆 
The benefit of producing  product 𝑝 (raw materials) in recycle and disposal centre 𝑟 and sale to 

supplier centre 𝑠 in period 𝜆 

 

 

Table. 8. Time parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

𝑡ℎ𝑝λ The time of testing process in test centre ℎ for used product 𝑝 in period 𝜆 

𝑡𝑗𝑝λ The time of disassembling process in disassembly centre 𝑗 into used product 𝑝 in period 𝜆 



𝑡𝑘𝑝λ 
The time of controlling, cleaning and sorting process in control, cleaning, sorting centre 𝑘 for used product 

𝑝 in period 𝜆 

𝑡𝑘𝑚λ 
The time of controlling, cleaning and sorting process in control, cleaning, sorting centre 𝑘 for used product 

𝑝 in period 𝜆 

𝑡𝑒𝑝λ 
The time of in repairing and reconditioning process in repair and recondition centre 𝑒 for used product 𝑝 in 

period 𝜆 

𝑡𝑧𝑚λ The time of remanufacturing process in remanufacturing centre 𝑧 for used product 𝑝 in period 𝜆 

𝑡𝑟𝑚λ The time of recycling and disposal process in recycling and disposal centre 𝑟 for used product 𝑝 in period 𝜆 

𝑡𝑟𝑝λ The time of recycling and disposal process in recycling and disposal centre 𝑟 for used product 𝑝 in period 𝜆 

𝑇 the total time of reverse logistics network in period 𝜆 

 

 

 

Table. 9. Environment and social parameters of multi-objective sustainable forward and reverse logistics model. 

parameters Definition 

Ω The rate of CO2 emission in transportation up to tonne on mile in period 𝜆 

𝜑 The capacity of the medium of transportation (truck) 

𝜃𝑖𝜆
𝜕  

Number of occupation opportunities created if a distributing and collecting centre 𝑖 opened 

with technology 𝜕 in period 𝜆 

𝜔𝑖𝜆
𝜕  

Average courses and training classes in distributing and collecting centre 𝑖 to use 

technology 𝜕 used in period 𝜆 

𝜋𝑖𝜆
𝜕  

Average lost days resulted from damages at work per worker when in distributing and 

collecting centre 𝑖 technology 𝜕 used in period 𝜆 

휀𝑖𝜆
𝜕  

Average accident at work per worker when in distributing and collecting centre 𝑖 technology 

𝜕 used in period 𝜆 

 

 

3.5 Variables  
Various types of decision variables are presented in Tables 10 to 12. 

 
 

Table. 10. Integer variables of multi-objective sustainable forward and reverse logistics model. 

variables Definition 

𝑋𝑠𝑓𝑝λ 
The quantity transported from supplier centre 𝑠 to manufacturing centre 𝑓 of each unit of 

product 𝑝 (raw materials) in period 𝜆 

𝑋𝑓𝑤𝑝λ 
The quantity transported from manufacturing centre 𝑓 to warehouse centre 𝑤 of each unit of 

product 𝑝 in period 𝜆 

𝑋𝑓𝑖𝑝λ
𝜕  

The quantity transported from manufacturing centre 𝑓 to distributing and collecting centre 𝑖 
with technology 𝜕 of each unit of product 𝑝 in period 𝜆 

𝑋𝑤𝑖𝑝λ
𝜕  

The quantity transported from warehouse centre 𝑤 to distributing and collecting centre 𝑖 with 

technology 𝜕 of each unit of product 𝑝 in period 𝜆 

𝑋𝑖𝑙𝑝λ
𝜕  

The quantity transported from distributing and collecting centre 𝑖 with technology 𝜕 to 

customer area 𝑙 of each unit of product 𝑝 and used product 𝑝 in period 𝜆 

𝑋𝑙𝑖𝑝λ
𝜕  

The quantity transported from customer area 𝑙 to distributing and collecting center 𝑖 with 

technology 𝜕 of each unit of used product 𝑝 in period 𝜆 

𝑋𝑖ℎ𝑝λ
𝜕  

The quantity transported from distributing and collecting centre 𝑖 with technology 𝜕 to test 

centre ℎ of each unit of used product 𝑝 in period 𝜆 

𝑋ℎ𝑘𝑝λ 
The quantity transported from test centre ℎ to control, cleaning, sorting centre 𝑘 of each unit of 

used product 𝑝 in period 𝜆 

𝑋ℎ𝑗𝑝λ 
The quantity transported from test centre ℎ to disassembly centre 𝑗 of each unit of used 

product 𝑝 in period 𝜆 



𝑋𝑗𝑘𝑚λ 
The quantity transported from disassembly centre 𝑗 to control, cleaning, sorting centre 𝑘 of 

each unit of used product 𝑝 in period 𝜆 

𝑋𝑘𝑒𝑝λ 
The quantity transported from control, cleaning, sorting centre 𝑘 to repair and recondition 

centre 𝑒 of each unit of used product 𝑝 in period 𝜆 

𝑋𝑘𝑧𝑚λ 
The quantity transported from control, cleaning, sorting centre 𝑘 to remanufacturing centre 𝑧 

of each unit of used product 𝑝 in period 𝜆 

𝑋𝑒𝑖𝑝λ
𝜕  

The quantity transported from repair and recondition centre 𝑒 to distributing and collecting 

centre 𝑖 with technology 𝜕 of each unit of recovered product 𝑝 in period 𝜆 

𝑋𝑧𝑓𝑝λ 
The quantity transported from remanufacturing centre 𝑧 to manufacturing centre 𝑓 of each unit 

of recovered product 𝑝 in period 𝜆 

𝑋𝑘𝑟𝑝λ 
The quantity transported from control, cleaning, sorting centre 𝑘 to recycle and disposal centre 

𝑟 of each unit of used product 𝑝 in period 𝜆 

𝑋𝑘𝑟𝑚λ 
The quantity transported from control, cleaning, sorting centre 𝑘 to recycle and disposal centre 

𝑟 of each unit of part 𝑚 in period 𝜆 

𝑋𝑟𝑠𝑝λ 
The quantity transported from recycling and disposal centre 𝑟 to supplier centre 𝑠 of each unit 

of product 𝑝 (raw materials) in period 𝜆 

𝑋𝑝𝑚 The total quantity transported of products and parts in the system. 

 

 

Table. 11. Zero and one variables of multi-objective sustainable forward and reverse logistics model. 

Variables Definition 

𝛽𝑖𝑝
𝜕  {

1  if distributing and collecting centre 𝑖 with technology ∂ is established   ∀𝑖 , 𝜕, 𝑝∗, 𝑝 
0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                                                                        

 

𝛽ℎ𝑝 {
1   if test center ℎ is established   ∀ℎ , 𝑝 
0   𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                 

 

𝛽𝑗𝑝 {
1  if disassembly centre 𝑗  is established   ∀𝑗 , 𝑝 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                  

 

𝛽𝑘𝑝𝑚 {
1  ifcontrol, cleaning, sorting centre 𝑘 is established   ∀𝑘 , 𝑝, 𝑚 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                               

 

𝛽𝑒𝑝 {
1  if repair and recondition centre 𝑒 is established   ∀𝑒 , 𝑝 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                      

 

𝛽𝑧𝑚 {
1  if remanufacturing centre 𝑧 is established   ∀𝑧 , 𝑚 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                            

 

𝛽𝑟𝑝 {
1  if recycle and disposal centre 𝑟 is established   ∀𝑟 , 𝑝 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                 

 

𝛽𝑟𝑚 {
1  if recycle and disposal centre 𝑟 is established   ∀𝑟 , 𝑚 
0 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒                                                                                   

 

 

 

 

Table. 12. Environment and other variables of multi-objective sustainable forward and reverse logistics model. 

variables Definition 

𝐶𝑜2
𝑐𝑎𝑝

 
The amount of allowed CO2 emission  in all of forward and reverse logistics network 

specified by the government 

𝐶𝑜2 The amount of CO2 emitted  in all of forward and reverse logistics network 

𝛿𝑤𝑝𝜆 The quantity of product 𝑝 in warehouse centre 𝑤 in period 𝜆 

 

 

 



 

 

3.6 Mathematical Model 
The basics of the developed mathematical model are three different objective functions. The 

proposed model includes three aspects of sustainability as economic, environmental, social 

objectives as well as time functions. The objective functions and constraints which are 

presented in this model are defined as follows: 

𝑚𝑖𝑛 𝑍1 = [(∑ ∑ ∑ 𝐶𝑖𝑝
𝑐𝑜 𝜕𝛽𝑖𝑝

𝜕

𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼

) + (∑ ∑ 𝐶ℎ𝑝
𝑐𝑜

𝑝∈𝑃ℎ∈𝐻

𝛽ℎ𝑝) + (∑ ∑ 𝐶𝑗𝑝
𝑐𝑜

𝑚∈𝑀𝑗∈𝐽

𝛽𝑗𝑝)

+ (∑ ∑ ∑ 𝐶𝑘𝑝𝑚
𝑐𝑜

𝑚∈𝑀𝑝∈𝑃𝑘∈𝐾

𝛽𝑘𝑝𝑚) + (∑ ∑ 𝐶𝑒𝑝
𝑐𝑜

𝑝∈𝑃𝑒∈𝐸

𝛽𝑒𝑝) + (∑ ∑ 𝐶𝑧𝑚
𝑐𝑜

𝑚∈𝑀𝑧∈𝑍

𝛽𝑧𝑚)

+ (∑ ∑  𝐶𝑟𝑝
𝑐𝑜

𝑝∈𝑃

𝛽𝑟𝑝

𝑟∈𝑅

) + (∑ ∑  𝐶𝑟𝑚
𝑐𝑜

𝑚∈𝑀

𝛽𝑟𝑚

𝑟∈𝑅

) + (∑ ∑ 𝐶𝑝m

𝑚∈𝑀𝑝∈𝑃

𝑋𝑝m)

+ ( ∑ ∑ ∑ 𝐶𝑤𝑝λ

𝜆∈𝜆𝑝∈𝑃𝑤∈𝑊

𝛿𝑤𝑝λ) + (∑ ∑ ∑ ∑ ∑ 𝐶𝑙𝑝λ

𝜆∈𝜆𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼𝑙∈𝐿

𝑋𝑙𝑖𝑝λ
𝜕 )

+ (𝐶𝐸(𝐶𝑜2 − 𝐶𝑜2
𝑐𝑎𝑝)) − (∑ ∑ ∑ 𝜏𝑖𝑝

𝜕

𝑝∈𝑃

𝛽𝑖𝑝
𝜕

𝜕∈𝝏𝑖∈𝐼

)

− (∑ ∑ ∑ ∑ 𝜏𝑝𝜆

𝜆∈𝜆𝑝∈𝑃𝑠∈𝑆𝑟∈𝑅

𝑋𝑟𝑠𝑝λ)]                         (𝟏) 

 

𝑚𝑖𝑛 𝑍2 = [(∑ ∑ ∑ ∑ ∑ 𝑡ℎ𝑝λ𝑋𝑖ℎ𝑝λ
𝜕

𝜆∈𝜆𝑝∈𝑃ℎ∈𝐻𝜕∈𝝏𝑖∈𝐼

) + (∑ ∑ ∑ ∑ 𝑡𝑗𝑝λ

𝜆∈𝜆𝑝∈𝑃𝑗∈𝐽ℎ∈𝐻

𝑋ℎ𝑗𝑝λ)

+ (∑ ∑ ∑ ∑  𝑡𝑘𝑝λ

𝜆∈𝜆𝑝∈𝑃𝑘∈𝐾

𝑋ℎ𝑘𝑝λ

ℎ∈𝐻

) + (∑ ∑ ∑ ∑  𝑡𝑘𝑚λ

𝜆∈𝜆𝑚∈𝑀𝑘∈𝐾

𝑋𝑗𝑘𝑚λ

𝑗∈𝐽

)

+ (∑ ∑ ∑ ∑ 𝑡𝑒𝑝λ

𝜆∈𝜆𝑝∈𝑃𝑒∈𝐸

𝑋𝑘𝑒𝑝λ

𝑘∈𝐾

) + (∑ ∑ ∑ ∑ 𝑡𝑧𝑚λ𝑋𝑘𝑧𝑚λ

𝜆∈𝜆𝑚∈𝑀𝑧∈𝑍𝑘∈𝐾

)

+ (∑ ∑ ∑ ∑ 𝑡𝑟𝑝λ𝑋𝑘𝑟𝑝λ

𝜆∈𝜆𝑝∈𝑃𝑟∈𝑅𝑘∈𝐾

) + (∑ ∑ ∑ ∑ 𝑡𝑟𝑚λ𝑋𝑘𝑟𝑚λ

𝜆∈𝜆𝑚∈𝑀𝑟∈𝑅𝑘∈𝐾

)]                 (𝟐) 

 



𝑚𝑎𝑥 𝑍3 = [(∑ ∑ ∑ ∑ 𝜃𝑖𝜆
𝜕

𝜆∈𝜆𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼

𝛽𝑖𝑝
𝜕 + ∑ ∑ ∑ ∑ 𝜔𝑖𝜆

𝜕  𝛽𝑖𝑝
𝜕

𝜆∈𝜆𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼

)

− (∑ ∑ ∑ ∑ 휀𝑖𝜆
𝜕  𝛽𝑖𝑝

𝜕

𝜆∈𝜆𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼

+ ∑ ∑ ∑ ∑ 𝜋𝑖𝜆
𝜕  𝛽𝑖𝑝

𝜕

𝜆∈𝜆𝑝∈𝑃𝜕∈𝝏𝑖∈𝐼

)]                                       (𝟑) 

The total cost of the reverse logistics is minimizing by the first objective function. It consists 

of the forward and reverse logistics transportation costs, costs of processing in centres, 

emission of CO2 in transportations, fixed establishing costs of the reverse logistics centres, 

warehousing costs, and costs of purchasing used products from the customers as Eq. (1).  The 

second objective function is about the optimization of processing time of reverse logistics 

centres as Eq. (2).  The third target function maximizes the social responsibility. Four indices 

are considered for social responsibility in order to explore the social dimensions in Z3. (1) the 

number of occupation opportunities created in distributing and collecting centres. (2) the average 

courses and training classes held in distributing and collecting centres. (3) the average lost days 

eventuated from damages at work happening in distributing and collecting centres. (4) the 

average accidents happening at work per worker in distributing and collecting centres as Eq. 

(3). These terms are normalized and weighted in the process of implication model by solution 

method. In this study, it is clear that there is a considerable influence imposed on the working 

conditions that comes from the selection of technology type in distributing and collecting 

centres. 

 

Subject to: 

 

∑ ∑ ∑ 𝑋𝑖𝑙𝑝λ
𝜕

𝑙∈𝐿𝜕∈𝝏𝑖∈𝐼

= ∑ ∑ ∑ 𝑋𝑓𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑓∈𝐹

+ ∑ ∑ ∑ 𝑋𝑤𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑤∈𝑊

+ ∑ ∑ ∑ 𝑋𝑒𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑒∈𝐸

   , ∀𝑝, 𝜆           (𝟒) 

∑ ∑ ∑ 𝑋𝑖ℎ𝑝λ
𝜕

ℎ∈𝐻𝜕∈𝝏𝑖∈𝐼

= ∑ ∑ ∑ 𝑋𝑙𝑖𝑝𝜆
𝜕

𝜕∈𝝏𝑖∈𝐼𝑙∈𝐿

   , ∀𝑝, 𝜆                                                                                   (𝟓) 

∑ ∑ 𝑋ℎ𝑘𝑝𝜆

𝑘∈𝐾ℎ∈𝐻

= ∑ ∑ 𝑋𝑘𝑒𝑝𝜆

𝑒∈𝐸𝑘∈𝐾

+ ∑ ∑ 𝑋𝑘𝑟𝑝𝜆

𝑟∈𝑅𝑘∈𝐾

   , ∀𝑝, 𝜆                                                               (𝟔) 

∑ ∑ 𝑋𝑗𝑘𝑚λ

𝑘∈𝐾𝑗∈𝐽

= ∑ ∑ 𝑋𝑘𝑧𝑚λ

𝑧∈𝑍𝑘∈𝐾

+ ∑ ∑ 𝑋𝑘𝑟𝑚λ

𝑟∈𝑅𝑘∈𝐾

   , ∀𝑚, 𝜆                                                             (𝟕) 

∑ ∑ 𝑋𝑠𝑓𝑝λ

𝑓∈𝐹𝑠∈𝑆

+ ∑ ∑ 𝑋𝑧𝑓𝑝λ

𝑓∈𝐹𝑧∈𝑍

− ∑ ∑ 𝑋𝑓𝑤𝑝𝜆

𝑤∈𝑊𝑓∈𝐹

= ∑ ∑ ∑ 𝑋𝑓𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑓∈𝐹

   , ∀𝑝, 𝜆                           (𝟖) 

∑ ∑ 𝑋𝑟𝑠𝑝λ

𝑠∈𝑆𝑟∈𝑅

≤ ∑ ∑ 𝑋𝑠𝑓𝑝λ

𝑓∈𝐹𝑠∈𝑆

   , ∀𝑝, 𝜆                                                                                               (𝟗) 

Constraints (4) to (9) balance the products flow in junctions. These constraints indicate that 

the input products flows in junctions are equal to the outputs. 

 

∑ ∑ ∑ 𝑋𝑖𝑙𝑝λ
𝜕

𝑙∈𝐿𝜕∈𝝏𝑖∈𝐼

+ ∑ ∑ ∑ 𝑋𝑖ℎ𝑝λ
𝜕

ℎ∈𝐻𝜕∈𝝏𝑖∈𝐼

≤ 𝜌𝑖𝑝
𝜕 𝛽𝑖𝑝

𝜕    , ∀𝑖, 𝜕, 𝑝, 𝜆                                                        (𝟏𝟎) 



∑ ∑ ∑ 𝑋𝑙𝑖𝑝𝜆
𝜕

𝜕∈𝝏𝑖∈𝐼𝑙∈𝐿

+ ∑ ∑ ∑ 𝑋𝑓𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑓∈𝐹

+ ∑ ∑ ∑ 𝑋𝑤𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑤∈𝑊

+ ∑ ∑ ∑ 𝑋𝑒𝑖𝑝λ
𝜕

𝜕∈𝝏𝑖∈𝐼𝑒∈𝐸

≤ 𝜌𝑖𝑝
𝜕 𝛽𝑖𝑝

𝜕    , ∀𝑖, 𝜕, 𝑝, 𝜆                                                                                                (𝟏𝟏) 

∑ 𝑋𝑖ℎ𝑝λ
𝜕

𝑖∈𝐼

≤ 𝜌ℎ𝑝𝛽ℎ𝑝   , ∀ℎ, 𝜕, 𝑝, 𝜆                                                                                                      (𝟏𝟐) 

∑ 𝑋ℎ𝑗𝑝λ

ℎ∈𝐻

≤ 𝜌𝑗𝑝𝛽𝑗𝑝   , ∀𝑗, 𝑝, 𝜆                                                                                                           (𝟏𝟑) 

∑ 𝑋ℎ𝑘𝑝λ

ℎ∈𝐻

≤ 𝜌𝑘𝑝𝑚𝛽𝑘𝑝𝑚   , ∀𝑘, 𝑝, 𝑚, 𝜆                                                                                             (𝟏𝟒) 

∑ 𝑋𝑗𝑘𝑚𝜆

𝑗∈𝐽

≤ 𝜌𝑘𝑝𝑚𝛽𝑘𝑝𝑚   , ∀𝑘, 𝑝, 𝑚, 𝜆                                                                                              (𝟏𝟓) 

∑ 𝑋𝑘𝑒𝑝𝜆

𝑘∈𝐾

≤ 𝜌𝑒𝑝𝛽𝑒𝑝   , ∀𝑒, 𝑝, 𝜆                                                                                                          (𝟏𝟔) 

∑ 𝑋𝑘𝑧𝑚λ

𝑘∈𝐾

≤ 𝜌𝑧𝑚𝛽𝑧𝑚   , ∀𝑧, 𝑚, 𝜆                                                                                                      (𝟏𝟕) 

∑ 𝑋𝑘𝑟𝑝λ

𝑘∈𝐾

≤ 𝜌𝑟𝑝𝛽𝑟𝑝   , ∀𝑟, 𝑝, 𝜆                                                                                                          (𝟏𝟖) 

∑ 𝑋𝑘𝑟𝑚λ

𝑘∈𝐾

≤ 𝜌𝑟𝑚𝛽𝑟𝑚   , ∀𝑟, 𝑚, 𝜆                                                                                                      (𝟏𝟗) 

 

Constraints (10) to (19) explain the capacity of each reverse logistics center. 

∑ ∑ 𝑋𝑗𝑘𝑚λ

𝑘∈𝐾𝑗∈𝐽

≤ 𝑛𝑗𝑚𝑝λ  (∑ ∑ 𝑋ℎ𝑗𝑝λ

𝑗∈𝐽ℎ∈𝐻

)   , ∀𝑝, 𝑚, 𝜆                                                                   (𝟐𝟎) 

∑ ∑ 𝑋𝑘𝑒𝑝λ

𝑒∈𝐸𝑘∈𝐾

≤ 𝑛𝑘𝑝λ  (∑ ∑ 𝑋ℎ𝑘𝑝λ

𝑘∈𝐾ℎ∈𝐻

)  , ∀𝑝, 𝜆                                                                            (𝟐𝟏) 

∑ ∑ 𝑋𝑘𝑧𝑚λ

𝑧∈𝑍𝑘∈𝐾

≤ 𝑛𝑘𝑚𝜆  (∑ ∑ 𝑋𝑗𝑘𝑚λ

𝑘∈𝐾𝑗∈𝐽

)   , ∀𝑚, 𝜆                                                                       (𝟐𝟐) 

∑ ∑ 𝑋𝑘𝑟𝑝λ

𝑟∈𝑅𝑘∈𝐾

≤ 𝑛𝑘𝑟𝑝λ  (∑ ∑ 𝑋ℎ𝑘𝑝λ

𝑘∈𝐾ℎ∈𝐻

)  , ∀, 𝑝, 𝜆                                                                        (𝟐𝟑) 

∑ ∑ 𝑋𝑘𝑟𝑚𝜆

𝑟∈𝑅𝑘∈𝐾

≤ 𝑛𝑘𝑟𝑚𝜆  (∑ ∑ 𝑋𝑗𝑘𝑚λ

𝑘∈𝐾𝑗∈𝐽

)   , ∀, 𝑚, 𝜆                                                                    (𝟐𝟒) 

 



Constraints (20) to (24) are balances of the parts produced by disassembly centres. Balance 

of products and parts between repair and recondition centres, remanufacturing centres, and 

recycle and disposal centres. Also 𝑛𝑗𝑚𝑝λ, 𝑛𝑘𝑝λ, 𝑛𝑘𝑚λ,  𝑛𝑘𝑟𝑝λ and  𝑛𝑘𝑟𝑚λ are  conversion 

coefficients. 

 

𝑃 (∑ ∑ 𝑋ℎ𝑘𝑝𝜆 ≥ ∑ 𝑑𝑒𝑝𝜆

𝑒∈𝐸𝑘∈𝐾ℎ∈𝐻

) ≥ 1 − 𝛼𝑒𝑝𝜆   , ∀𝑝, 𝜆                                                                     (𝟐𝟓) 

𝑃 (∑ ∑ 𝑋ℎ𝑘𝑝𝜆 ≥ ∑ 𝑑𝑟𝑝𝜆

𝑟∈𝑅𝑘∈𝐾ℎ∈𝐻

) ≥ 1 − 𝛼𝑟𝑝𝜆   , ∀𝑝, 𝜆                                                                     (𝟐𝟔) 

𝑃 (∑ ∑ 𝑋𝑗𝑘𝑚𝜆 ≥ ∑ 𝑑𝑧𝑚𝜆

𝑧∈𝑍𝑘∈𝐾𝑗∈𝐽

) ≥ 1 − 𝛼𝑧𝑚𝜆   , ∀𝑚, 𝜆                                                                 (𝟐𝟕) 

𝑃 (∑ ∑ 𝑋𝑗𝑘𝑚𝜆 ≥ ∑ 𝑑𝑟𝑚𝜆

𝑟∈𝑅𝑘∈𝐾𝑗∈𝐽

) ≥ 1 − 𝛼𝑟𝑚𝜆   , ∀ 𝑚, 𝜆                                                                (𝟐𝟖) 

 

Constraints (25) and (28) control the probability of covering the demands of repair and 

recondition centres, remanufacturing centres and recycling and disposal centres respectively. 

 

𝑃 (∑ 𝑋𝑘𝑒𝑝𝜆

𝑘∈𝐾

≥ 𝑑𝑒𝑝𝜆) ≥ 1 − 𝛼𝑒𝑝𝜆   , ∀𝑒, 𝑝, 𝜆                                                                               (𝟐𝟗) 

𝑃 (∑ 𝑋𝑘𝑧𝑚𝜆

𝑘∈𝐾

≥ 𝑑𝑧𝑚𝜆) ≥ 1 − 𝛼𝑧𝑚𝜆   , ∀𝑧, 𝑚, 𝜆                                                                           (𝟑𝟎) 

𝑃 (∑ 𝑋𝑘𝑟𝑝𝜆

𝑘∈𝐾

≥ 𝑑𝑟𝑝𝜆) ≥ 1 − 𝛼𝑟𝑝𝜆   , ∀𝑟, 𝑝, 𝜆                                                                               (𝟑𝟏) 

𝑃 (∑ 𝑋𝑘𝑟𝑚𝜆

𝑘∈𝐾

≥ 𝑑𝑟𝑚𝜆) ≥ 1 − 𝛼𝑟𝑚𝜆   , ∀𝑟, 𝑚, 𝜆                                                                           (𝟑𝟐) 

𝑃 (∑ 𝑋𝑖𝑙𝑝𝜆
𝜕

𝑖∈𝐼

≥ 𝑑𝑙𝑝𝜆) ≥ 1 − 𝛼𝑙𝑝𝜆   , ∀𝑙, 𝜕, 𝑝, 𝜆                                                                               (𝟑𝟑) 

 

Demands of products and parts for each repair and recondition centres, remanufacturing 

centres, recycling and disposal centres and customer areas are provided in constraint (29) to 

(33).   

 



∑ 𝛿𝑤𝑝λ

𝑤∈𝑊

= ∑ ∑ 𝑋𝑓𝑤𝑝𝜆

𝑤∈𝑊𝑓∈𝐹

− ∑ ∑ 𝑋𝑤𝑖𝑝𝜆
𝜕

𝑖∈𝐼𝑤∈𝑊

   , ∀𝜕, 𝑝, 𝜆                                                            (𝟑𝟒) 

 

Constraint (34) shows inventory of warehouse centres in each period that is the subtraction 

of output products and input products of warehouse centres. 

 

∑ ∑ 𝑡ℎ𝑝𝜆

ℎ∈𝐻

𝑋𝑖ℎ𝑝𝜆
𝜕 ≤ 𝑇

𝑖∈𝐼

  , ∀𝜕, 𝑝, 𝜆                                                                                                     (𝟑𝟓) 

∑ ∑ 𝑡𝑗𝑝𝜆

𝑗∈𝐽

𝑋ℎ𝑗𝑝𝜆 ≤ 𝑇   , ∀𝑝, 𝜆 

ℎ∈𝐻

                                                                                                        (𝟑𝟔) 

∑ ∑ 𝑡𝑘𝑝𝜆

𝑘∈𝐾

𝑋ℎ𝑘𝑝𝜆 ≤ 𝑇   , ∀𝑝, 𝜆 

ℎ∈𝐻

                                                                                                      (𝟑𝟕) 

∑ ∑ 𝑡𝑘𝑚𝜆

𝑘∈𝐾

𝑋𝑗𝑘𝑚𝜆 ≤ 𝑇   , ∀𝑚, 𝜆 

𝑗∈𝐽

                                                                                                     (𝟑𝟖) 

∑ ∑ 𝑡𝑒𝑝𝜆

𝑒∈𝐸

𝑋𝑘𝑒𝑝𝜆 ≤ 𝑇  , ∀𝑝, 𝜆 

𝑘∈𝐾

                                                                                                        (𝟑𝟗) 

∑ ∑ 𝑡𝑧𝑚𝜆

𝑧∈𝑍

𝑋𝑘𝑧𝑚𝜆 ≤ 𝑇   , ∀𝑚, 𝜆 

𝑘∈𝐾

                                                                                                    (𝟒𝟎) 

∑ ∑ 𝑡𝑟𝑝𝜆

𝑟∈𝑅

𝑋𝑘𝑟𝑝𝜆 ≤ 𝑇   , ∀𝑝, 𝜆 

𝑘∈𝐾

                                                                                                        (𝟒𝟏) 

∑ ∑ 𝑡𝑟𝑚𝜆

𝑟∈𝑅

𝑋𝑘𝑟𝑚𝜆 ≤ 𝑇   , ∀𝑚, 𝜆 

𝑘∈𝐾

                                                                                                    (𝟒𝟐) 

 

Constraints (35) to (42) reflect that the time for each reverse logistics network process 

should be less than or equal to the total time of reverse logistics network. 

 

∑ 𝛽𝑖𝑝
𝜕

𝑖∈𝐼

≤ 𝐼   , ∀𝜕, 𝑝                                                                                                                              (𝟒𝟑) 

∑ 𝛽ℎ𝑝

ℎ∈𝐻

≤ 𝐻   , ∀𝑝                                                                                                                               (𝟒𝟒) 

∑ 𝛽𝑗𝑝

𝑗∈𝐽

≤ 𝐽   , ∀𝑝                                                                                                                                  (𝟒𝟓) 

∑ 𝛽𝑘𝑝𝑚

𝑘∈𝐾

≤ 𝐾   , ∀𝑝, 𝑚                                                                                                                       (𝟒𝟔) 

∑ 𝛽𝑒𝑝

𝑒∈𝐸

≤ 𝐸   , ∀𝑝                                                                                                                                 (𝟒𝟕) 

∑ 𝛽𝑧𝑚

𝑧∈𝑍

≤ 𝑍   , ∀𝑚                                                                                                                               (𝟒𝟖) 



∑ 𝛽𝑟𝑝

𝑟∈𝑅

≤ 𝑅   , ∀𝑝                                                                                                                                 (𝟒𝟗) 

∑ 𝛽𝑟𝑚

𝑟∈𝑅

≤ 𝑅   , ∀𝑚                                                                                                                              (𝟓𝟎) 

Constraints (43) to (50) limit the number of distributing and collecting centres and reverse 

logistics centres that can be established. 

 

∑ 𝛽𝑖𝑝λ
𝜕

𝜕

≤ 1   ∀𝑖, 𝜕, 𝑝, λ                                                                                                                      (𝟓𝟏) 

 

Constraint (51) guarantees that at most one type of technology is considered for each 

distributing and collecting center in every period.   

 

Ω (⌈
𝑋𝑝𝑚

φ
⌉) ≤ 𝐶𝑜2

𝑐𝑎𝑝   ∀ 𝑝, 𝑚                                                                                                              (𝟓𝟐) 

 

As Constraint (52) shows, the amount of emitted CO2 in entire forward and reverse logistics 

network must be less than or equal to the amount of allowed emitted CO2 in entire forward and 

reverse logistics network while Ω (⌈
𝑋𝑝𝑚

φ
⌉) = 𝐶𝑜2 ; and it is specified by the government. 

 

𝑋𝑠𝑓𝑝λ, 𝑋𝑓𝑤𝑝λ, 𝑋𝑓𝑖𝑝λ
𝜕 , 𝑋𝑤𝑖𝑝λ

𝜕 , 𝑋𝑖𝑙𝑝λ
𝜕 , 𝑋𝑙𝑖𝑝λ

𝜕 , 𝑋𝑖ℎ𝑝λ
𝜕 , 𝑋ℎ𝑘𝑝λ, 𝑋ℎ𝑗𝑝λ, 𝑋𝑗𝑘𝑚λ,

𝑋𝑘𝑒𝑝λ, 𝑋𝑘𝑧𝑚λ, 𝑋𝑒𝑖𝑝λ
𝜕 , 𝑋𝑧𝑓𝑝λ, 𝑋𝑘𝑟𝑝λ, 𝑋𝑘𝑟𝑚λ, 𝑋𝑟𝑠𝑝λ,

𝐶𝑜2
𝑐𝑎𝑝, 𝐶𝑜2, 𝛿𝑤𝑝λ ≥ 0,   ∀𝑠, 𝑓, 𝑤, 𝑖, 𝑙, ℎ, 𝑘, 𝑗, 𝑒, 𝑧, 𝑟, 𝜕, 𝑝, 𝑚, λ                            (𝟓𝟑) 

𝛽𝑖𝑝
𝜕 , 𝛽ℎ𝑝, 𝛽𝑗𝑝, 𝛽𝑘𝑝𝑚, 𝛽𝑒𝑝, 𝛽𝑧𝑚, 𝛽𝑟𝑝, 𝛽𝑟𝑚 = {0, 1},   ∀𝑖, ℎ, 𝑘, 𝑗, 𝑒, 𝑧, 𝑟, 𝜕, 𝑝, 𝑚                            (𝟓𝟒) 

Constraints (53) and (54) are related to the non-negativity constraints and binary (zero-one) 

decision variables. We have to transform this probabilistic model into a deterministic model by 

Eq. (55) which is introduced by Roghanian and Pazhoheshfar (2014) to solve it. 

 

𝑃 (∑ 𝑋𝑗

𝑛

𝑗=1

≤ 𝑣) ≥ 1 − 𝛼 ≈ ∑ 𝑋𝑗

𝑛

𝑗=1

≤ 𝜎. 𝑣1−𝛼 + 𝜇                                                                       (𝟓𝟓) 

Considering 1 − 𝛼 = 0.95 as the confidence level of probabilistic constraints satisfaction 

for all 𝛼s and based on   Eq. (55), the probabilistic mixed integer programming model is 

transformed into a deterministic model. 

4. Solution Approach 
In this paper, a meta-heuristic evolutionary algorithm NSGA-II is applied in order to 

simultaneously optimize the three objectives of the developed sustainable forward and reverse 

logistics network. Additionally, one of the most significant points to develop evolutionary 

algorithms is their capability in achieving Pareto optimal (non-dominated) solutions (2 and 3 

dimensions). The evolutionary algorithms use a random search and some suitable evolution 

strategies to find better solutions based on the survival of the fittest among a population of 

solutions (Deb, 2001). One of the successful metaheuristics in finding the Pareto optimal 



solutions is NSGA-II developed by Deb et al. (2002) which is applied  for this study. To 

validate the results and evaluate performance of this algorithm with another metaheuristic 

algorithm like  MOPSO, five comparison metrics have been analysed with ANOVA.    

4.1 NSGA-II  
Proposed by Deb et al (2002), NSGA-II is appropriate for multi-objective problems. The 

presented algorithm has two operators more than genetic algorithm and it is capable of finding 

non-dominated solutions so it is called sorting genetic algorithm (NSGA-II). NSGA-II can 

compute a set of acceptable solutions as Pareto front instead of an optimal solution. Besides, 

the two extra operators are describe as follows: 

• The first operator is a premiere factor based on non-dominated sorting of parts of the 

population. 

• The second operator keeps variety of solution between solutions with similar rank. 

In dominance step, members of population are sorted in NSGA-II based on the definition of 

non-dominance. In non-dominated sorting approach, members of population which are not 

dominated by the other members of population, are allocated in first front as Pareto front. 

Additionally, these members are eliminated from population between the remaining members 

and the members which are not dominated by the other members. Indeed, they are at second 

rank so they are allocated in second front. Furthermore, second rank members are eliminated 

from population temporarily. This process is continuing until all the limbs of population 

allocate in fronts. This process is shown in Figure 5. 

 

There are some factors to make decisions about which solution is better than others. The 

first factor is non-dominated sorting. Since in the multi-objective problems, NSGA-II 

algorithm can achieve a set of Pareto solutions, the achieved solutions are not different from 

each other, in the other word, none of them can dominate each other. The solutions that get 

rank 1 make the set of solutions and this rank is calculated based on the number of dominated 

solutions by each solution. 

 

Figure 5. The front sorting in the NSGA-II. 



 

Using a Tree-based presentation for network design problems, Gen and Cheng (2000) 

introduced the priority-based encoding approach. Pishvaee et al. (2010) applied it for a forward 

and reverse logistics problem and obtained satisfying results. In the priority-based encoding 

chromosome, the position of a gene presents a node (zone) in the forward and reverse logistics 

network, and its value presents the priority of the corresponding node. There is also another 

factor to appraise solutions in fronts. When the solutions and fronts are completed, the solutions 

are compared to each other to eliminate some of them. In this approach, it is important to pay 

attention to the distance between the solutions in such a way that long distance can get 

maximum value and short distance get the minimum. Finally, eliminating the solution with the 

minimum value (short distance) are undertaken to keep the verity of solution (See Figure 6). 

4.1.1 Crossover  

Crossover operator is used to creating offspring in each iteration of algorithm and one of the 

points of crossover is passing advantages on offspring from parents (inheritance).  

4.1.2 Mutation  

The mutation is another operator to create offspring from the previous population (parents). 

Mutation operator usually uses a binary tournament selection to create offspring in size of the 

main population. Since both of the operators is related to the selection step; therefore, some of 

the parents and offspring should be eliminated at the end of each iteration (see Figure 7). 

 

Figure 6. Swarm distance calculation (Deb et al, 2002). 

Figure 7. The iteration operation in NSGA-II (Deb et al, 2002). 



Finally, in NSGA-II algorithm the last step is the stop condition. There is no standard 

approach to stop the algorithm so here the algorithm is stopped when the iteration comes to a 

predefined number (see Figure 7 for the process of each iteration of NSGA-II). For more 

information of NSGA-II refer to Deb, 2001 and Deb et al, 2002. 

4.2 MOPSO 
Particle swarm optimization (PSO) algorithm was provided by Eberhart and Kennedy 

(1995) for the first time. Structure of this algorithm is based on sudden changes of birds fly in 

a flock. PSO algorithm starts with a set of random initial solutions (particles) and then particles 

are finding their new positions looking for the better particles in each iteration. In other words, 

this random set of particles is organized by their speed and position vectors and then the best 

one is saved or updated in each iteration (see Figure 8 for this process). The speed and position 

of the swarm particle are calculated with the equations (56) and (57): 

𝑣𝑖𝑗 = 𝑤𝑣𝑖𝑗 + 𝑐1𝑟1(𝑝𝑖𝑗 − 𝑥𝑖𝑗) + 𝑐2𝑟2(𝑔𝑖𝑗 − 𝑥𝑖𝑡)                                                                           (𝟓𝟔) 

𝑥𝑖𝑗 = 𝑥𝑖𝑗 + 𝑥𝑖𝑗                                                                                                                                       (𝟓𝟕) 

 
In these equations, 𝑐1 and 𝑐2 are learning coefficients, 𝑟1 and 𝑟2 are two random numbers 

with the uniform distribution within (0, 1), 𝑝𝑖𝑗 and 𝑔𝑖𝑗 are the best position of the 𝑖𝑡ℎ particle 

for 𝑗𝑡ℎ aspect (called Pbest) and the global best position for the specified particle (called Gbest) 

respectively (Fallah-Mehdipour et al, 2012). Finally, 𝑤 is the inertia weight factor. When the 

number of objective functions is increased, PSO turns into MOPSO algorithm. Hence, the 

vector evaluated by PSO is turned into a set of solutions for each objective function and finally 

makes a set of non-dominated solutions in Pareto front and saves them to memory (Rahdar et 

al, 2016).  

 

Figure 8. Dynamic of swarm in PSO (Rahdar et al, 2016). 



 

 

Figure 9 illustrates a sample of transmitting Pbest and Gbest in a problem with three 

objective functions. For more information about MOPSO refer to (Eberhart and Kennedy, 

1995; Parsopoulos and Vrahatis, 2002; Coello et al, 2007). 

4.3 Comparison Metrics 
The developed mathematical model in this study has three objective functions and two 

multi-objective evolutionary algorithms as solvers. In terms of comparing the algorithms, since 

the three objectives are in three different dimensions, there is no optimum solution to get as a 

criterion for comparing. Therefore, there is no standard and fixed metric to compare both 

solutions of the algorithm to find the best solution from one of the algorithms. Hence, 

algorithms should be compared by some different metrics and then the better algorithm in each 

metric can be introduced. Furthermore, in some metrics, the maximum value is preferred while 

in others, the minimum value is preferred. The metrics are as follows: 

Diversification (DM): The diversity in the non-dominated solutions is shown by 

diversification metric and this metric is computed by the Eq. (58) where the |𝑥𝑖
′ − 𝑦𝑖

′| is the 

space between two non-dominated solutions. Additionally, in this metric high value is 

preference (Tavana et al, 2013; Zitzle et al, 1998): 

DM = [∑ max(|xi
′ − yi

′|)

n

i=1

]

1
2

                                                                                                            (𝟓𝟖) 

Spacing measure (SM): This metric related to the distance between sequential solutions 

(see Eq. 59). The lower value of this metric is preferred. Where 𝑑𝑖 is the distance between two 

non-dominated solutions in Pareto front and �̅� is mean of them. Also, N is the number of non-

dominated solutions in Pareto front (Schott, 1995). 

SM = √∑  (d̅ − di)
2N

i=1

N − 1
                                                                                                                      (𝟓𝟗) 

Figure 9. Diagram of the Pbest and the Gbest exchange in a three-objective problem (Fallah-Mehdipour et al, 2012). 



The mean ideal distance (MID): This metric shows the distance between the optimal level 

of Pareto front and the ideal point (0, 0) that is measured by Eq. (60), where 𝑓1𝑖 is the optimal 

amount of first objective function and 𝑓2𝑖 and 𝑓3𝑖 are the optimal value of second and third 

objective functions respectively (Figure 10 shows a view of mean ideal distance). In this metric 

low value is preference (Zitzle et al, 1998; Khalili-Damghani et al, 2015). 

MID =
∑ √(f1i)2 + (f2i)2 + (f3i)2n

i=1

N
                                                                                                 (𝟔𝟎) 

The number of Pareto solutions (NS): Clearly, the algorithm which provides more non-

dominated solutions has better performance (Zitzle et al, 1998) (See Figure 11). 

 

Computational time (T): This is a metric to compare algorithms running time which is so 

important in real calculations. The shorter computational time is better. 

Figure 10. Schematic of the MID. 

Figure 11. The number of solutions in multi-objective problems in Pareto front. 



5. Case Illustration 
One of the most significant points about evaluation algorithms is that these algorithms must 

be capable of solving the majority of complex instances in real-world in a variety of industrial 

environments. The two developed algorithms of this study are evaluated with various instances 

and then the results are compared with the mentioned five metrics by ANOVA technique in 

MINITAB. The whole procedure of evaluation can be seen in Figure 12. 

 

To solve the propsed model, 10-sample problems are generated randomly to explain the 

validity and applicability of both algorithms. Data for this problem are generated with 10 

customers and 5 different products. The numbers of customers and products have been 

supposed to be fixed in all 10 instances. Also, it is assumed that the type of products is the 

same. The random ranges of indices have been presented in Table 13 for all 10 instances. the 

capacities of centres, costs of processing, emission CO2 and transportation between centres, 

fixed costs for centres, and the duration of the process are generated randomly according to the 

uniform distribution functions in all of the 10 sample problems. Random values are produced 

based on normal distribution functions for the centres’ demands (see Table 14). Moreover, the 

ranges of parameters are as follows: The ranges of capacities, demands, conversion coefficient 

parameters, and fixed costs parameters are designed regarding the proposed models by 

(Roghanian & Pazhoheshfar 2014). The ranges of processing, emission CO2, and transportation 

costs between centres are adapted from (Diabat et al. 2012; Guo et al. 2017b). The values of 

social responsibility parameters are set based on investigations (Govindan et al. 2016b). 

However, the ranges of the duration of the process are considered randomly because of the lack 

of a case study. 

Table. 13. Random range of indices for each problem. 

Instance 𝒊 h j k e z r 

1 2 1 1 2 2 2 5 

2 2 1 1 2 2 2 5 

3 2 1 3 3 4 2 5 

4 2 2 3 4 5 3 5 

Figure 12. Flowchart of the proposed approach. 



5 3 3 3 5 5 3 6 

6 4 3 4 5 5 4 6 

7 4 4 5 6 5 4 6 

8 5 4 5 7 6 4 7 

9 5 6 5 7 7 5 7 

10 7 6 6 8 7 5 7 

 

Table. 14. A random amount of data ranges to solve each problem. 

Parameters Distribution functions 

Capacities of centres ∼ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚  (35 , 50) ∗ 

Demand of centres ∼ 𝑛𝑜𝑟𝑚𝑎𝑙 (45 , 20) 

Processing, emission CO2 and transportation costs between centres ∼ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚  (4 , 9) 

Fixed costs for centres ∼ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚  (75 , 110) 

The duration of the process ∼ 𝑢𝑛𝑖𝑓𝑜𝑟𝑚  (10 , 25) 
∗ 𝑈𝑛𝑖𝑓𝑜𝑟𝑚 𝑑𝑖𝑠𝑡𝑟𝑏𝑢𝑡𝑖𝑜𝑛 (𝑎, 𝑏), ∗∗  𝑁𝑜𝑟𝑚𝑎𝑙 𝑑𝑖𝑠𝑡𝑟𝑖𝑏𝑢𝑡𝑖𝑜𝑛 (𝜇, 𝜎2) 

Figure 13 shows the optimal Pareto front solutions computed by two algorithms of instance 

7, which relates to all three objective functions. The Pareto front is obtained through two 

algorithms and illustrated in Figure 13. Three objective functions can be seen in their best non-

dominated performance in the Pareto front. Therefore, the decision-maker can choose one of 

the optimal solutions based on his and her utilities. 
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Figure 13. The comparison diagram of computed Pareto solutions in problem 7 with two algorithm (NSGA-II (a), MOPSO (b)). 

Figure 14. The values of the objective functions (cost (a), time (b), social responsibility (c)) in instance 7 with two algorithms. 
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Table 15. The values of the objective functions in problem 7 for both NSGA-II and MOPSO. 

Algorithms NSGA-II MOPSO 

solutions Z1 Z2 Z3 Z1 Z2 Z3 

1 1022974 1050681 8.35E-05 1090308.22 1069773 5.88E-05 

2 1027967 1039474 8.14E-05 1090333.68 1069772 5.88E-05 

3 1030763 1051315 8.14E-05 1092361.65 1075157 5.87E-05 

4 1032945 1033166 7.68E-05 1092852.43 1074623 5.78E-05 

5 1033551 1030580 7.68E-05 1096855.26 1062046 6.16E-05 

6 1044376 1030596 7.27E-05 1097241.20 1061982 6.11E-05 

7 1044708 1027366 7.18E-05 1097369.73 1061986 6.00E-05 

8 1047882 1032097 6.99E-05 1202028.16 1209367 5.77E-05 

9 1198274 1192483 6.85E-05 1207025.69 1217192 5.67E-05 

10 1199276 1179807 6.73E-05 1225047.51 1198484 5.68E-05 

11 1205262 1192720 6.59E-05 1231238.16 1187749 5.68E-05 

12 1205741 1188628 6.34E-05 1231997.43 1196597 5.58E-05 

13 1209896 1195521 6.26E-05 1232038.27 1196573 5.58E-05 

14 1247410 1225308 6.24E-05 1410103.51 1383531 5.54E-05 

15 1259385 1230219 6.05E-05 1416967.92 1387745 5.45E-05 

16 1262641 1238231 5.84E-05 1433782.25 1366122 5.46E-05 

17 1274719 1226370 5.64E-05 1570702.52 1555036 5.35E-05 

18 1298628 1233915 5.55E-05 1571645.96 1553719 5.35E-05 

19 1405218 1365790 5.53E-05 1624182.77 1527856 5.36E-05 

20 1405438 1365697 5.53E-05 1624323.66 1527818 5.36E-05 

21 1412948 1393075 5.30E-05 1624373.08 1613651 5.26E-05 

22 1428616 1380060 5.36E-05 1626511.25 1616881 5.20E-05 

23 1428899 1381215 5.09E-05 1626537.64 1616832 5.20E-05 

24 1447145 1390544 4.98E-05 1630711.99 1531038 5.31E-05 

25 1585406 1576827 4.98E-05 - - - 

26 1600657 1588086 4.90E-05 - - - 

27 1601419 1588307 4.80E-05 - - - 

28 1627561 1558613 4.67E-05 - - - 

29 1629168 1569113 4.47E-05 - - - 

30 1633335 1560743 4.66E-05 - - - 

 

 

The values of three objective functions in instance 7 for both of the methods are shown in 

Figure 14 and Table 15. According to Figure 14 and Table 15, it is clear that NSGA-II performs 

slightly better in each of three objective functions: Cost, time, and social responsibility. More 

detailed analyses will be undertaken in the next section. 

5.1 Comparative and Statistical Analysis 
In this section, performance of the applied algorithms are compared based on the 

computational time and the five previously mentioned metrics. Tables 16 and 17 show these 

values for NSGA-II and MOPSO respectively. 

 

 

 



Table. 16. The value of five metrics for NSGA-II. 

Problem 

Sample 

NSGA-II 

DM SM MID NS T 
1 4090.8 0.539 0.2932 19 4.807179 

2 5727.1 0.873 0.3968 21 5.256174 

3 7578.7 0.47574 0.4015 20 4.844525 

4 6420.8 0.72711 0.7998 26 4.928164 

5 6476.6 0.72795 0.6033 29 4.777803 

6 8527.9 0.65884 0.4074 22 4.939055 

7 4426.9 0.69008 0. 4994 30 4.663209 

8 9468.8 0.46156 0.7021 29 5.072146 

9 5753.1 0.8399 0.6985 31 5.051851 

10 4082.7 0.79907 0.2867 28 5.034611 

Ave. 6255.3 0.6792 0.5099 25.5 4.937472 

Std. Dev. 1749.244 0.138339 0.18169 4.318565 0.163904 

 

Table. 17. The value of five metrics for MOPSO. 

Problem 

Sample 

MOPSO 

DM SM MID NS T 
1 2391.9 1.2322 1.394 12 5.702957 

2 3543.3 1.0294 1.4011 18 5.386749 

3 4746.7 1.05 1.3968 14 5.371716 

4 4598.4 1.0069 1.4045 17 5.450165 

5 5660.9 1.0793 1.3931 22 5.344887 

6 6607.7 1.0876 1.4006 15 5.520839 

7 3997.5 1.1775 1.3967 24 5.357352 

8 7628.3 1.2326 1.4007 22 5.657889 

9 3334.9 1.0831 1.4032 19 5.886983 

10 1978 1.3029 1.3971 20 5.29713 

Ave. 4448.8 1.1281 1.3987 18.3 5.497667 

Std. Dev. 1701.483 0.095567 0.003617 3.661967 0.182644 

 

Based on Tables 16 and 17, two algorithms are performed acceptable and similar to each 

other. However, the ANOVA technique is applied here in order to statistically compare two 

algorithms. To validate the applied solution methods, the obtained results were compared with 

past researches (Bandyopadhyay and Bhattacharya 2014; Govindan et al. 2016b; Rabbani et al. 

2019). Comparing the results and performance of the implemented algorithms in previous 

studies, clearly shows that the proposed NSGA-II in our paper performs better in terms of the 

gap and difference in computational time. The reason behind this better performance may be 

related to fitting the algorithm with the proposed model, better parameters setting and coding, 

and also stronger used CPU.  

ANOVA  statistically compares the results of two algorithms to have several meaningful 

comparisons in 10 various sample problems. Before performing  ANOVA, it is necessary to 

test the population to check the normality of the population with Kolmogorov–Smirnov test. 

Figures 15-19 show the results of the Kolmogorov–Smirnov test in which the normality of 



population is confirmed. Consequently, ANOVA can be applied to compare results and 

performance evaluation of NSGA-II and MOPSO algorithms with five metrics. 

 

 

 

 

 

 

 

 

SM for NSGA-II SM for MOPSO 

Figure 17. Kolmogorov-Smirnov test for SM metric in algorithms. 

MID for NSGA-II MID for MOPSO 

Figure 16. Kolmogorov-Smirnov test for MID metric in algorithms. 

DM for NSGA-II DM for MOPSO 

Figure 15. Kolmogorov-Smirnov test for DM metric in algorithms. 



 

 

Afterwards, the ANOVA is applied with 95% confidence intervalto check whether or not 

the there is a meaningful difference between the means of these statistical populations at 95% 

confidence interval.  

The results of ANOVA are presented in Tables 18-22. It is clear that  there is a meaningful 

difference between the comparison metrics since the P-values are less than 0.05. 

 

 
Table. 18. ANOVA and calculated confidence interval for the diversity metric. 

ANOVA for the diversity metric 

Source 
Degree of 

freedom 

Sum of 

square 

Mean 

square 
F-distribution P-value 

Factor 1 16318656 16318656 4.93 0.039 

Error 18 59548988 3308277 - - 

Total 19 75867644 - - - 

S = 1819   R-Sq = 21.51%   R-Sq(adj) = 17.15% 

The confidence interval for the diversity metric (95% confidence interval of the means) 

Level N Mean St. Dev.  

NSGA-II 10 6255 1844 

MOPSO 10 4449 1794 

T for NSGA-II T for MOPSO 

Figure 19. Kolmogorov-Smirnov test for T metric in algorithms. 

NNS for NSGA-II NNS for MOPSO 

Figure 18. Kolmogorov-Smirnov test for NNS metric in algorithms. 



 

Table. 19. ANOVA and calculated confidence interval for the spacing metric. 

ANOVA for the spacing metric 

Source 
Degree of 

freedom 

Sum of 

square 

Mean 

square 
F-distribution P-value 

Factor 1 1.0077 1.0077 64.16 0.000 

Error 18 0.2827 0.0157 - - 

Total 19 1.2904 - - - 

S = 1819   R-Sq = 21.51%   R-Sq(adj) = 17.15% 

The confidence interval for the spacing metric (95% confidence interval of the means) 

Level N Mean St. Dev.  

NSGA-II 10 0.6792 0.1458 

MOPSO 10 1.1282 0.1007 

 

 

Table. 20. ANOVA and calculated confidence interval for the mean ideal distance metric. 

ANOVA for the mean ideal distance metric 

Source 
Degree of 

freedom 

Sum of 

square 

Mean 

square 
F-distribution P-value 

Factor 1 3.9597 3.9597 239.71 0.000 

Error 18 0.2973 0.0165 - - 

Total 19 4.2570 - - - 

S = 0.1285   R-Sq = 93.02%   R-Sq(adj) = 92.63% 

The confidence interval for the mean ideal distance metric (95% confidence interval of the 

means) 

Level N Mean St. Dev.  

NSGA-II 10 0.5089 0.1817 

MOPSO 10 1.3988 0.0038 

 

 

 



Table. 21. ANOVA and calculated confidence interval for the number of Pareto solutions metric. 

ANOVA for the number of Pareto solutions metric 

Source 
Degree of 

freedom 

Sum of 

square 

Mean 

square 
F-distribution P-value 

Factor 1 259.2 259.2 14.55 0.001 

Error 18 320.6 17.8 - - 

Total 19 579.8 - - - 

S = 4.22   R-Sq = 44.71%   R-Sq(adj) = 41.63% 

The confidence interval for the number of Pareto solutions metric (95% confidence interval of the 

means) 

Level N Mean St. Dev.  

NSGA-II 10 25.5 4.552 

MOPSO 10 18.3 3.86 

 

Table. 22. ANOVA and calculated confidence interval for the computational Time metric. 

ANOVA for the computational Time metric 

Source 
Degree of 

freedom 

Sum of 

square 

Mean 

square 
F-distribution P-value 

Factor 1 1.5691 1.5691 46.90 0.000 

Error 18 0.6022 0.0335 - - 

Total 19 2.1713 - - - 

S =0.1829   R-Sq = 72.26%   R-Sq(adj) = 70.72% 

The confidence interval for the computational Time metric (95% confidence interval of the 

means) 

Level N Mean St. Dev.  

NSGA-II 10 4.9375 0.1728 

MOPSO 10 5.4977 0.1925 

 

Overall, according to ANOVA, results illustrate that NSGA-II algorithm is far more superior 

than MOPSO algorithm, in such a way that NSGA-II algorithm has better performance in 

diversity, mean ideal distance, number of Pareto solutions and computational time metrics than 

MOPSO algorithm. On the other hand, MOPSO algorithm can just outperform NSGA-II 

algorithm in spacing metric. Hence, NSGA-II algorithm is a better method to solve this multi-

objective sustainable forward and reverse logistics problem.  



6. Managerial and Practical Implications 
In general, the managerial implications of this study are directly related to manufacturers 

who produce goods by assembly lines because the proposed model consists of 

assembly/disassembly centres. The model is appropriate for industries such as household 

appliances, computers, electronic devices etc. Nonetheless, due to the lack of knowledge about 

reverse logistics activities, a lot of manufacturers do not have the ability or disinclined to run a 

reverse logistics network, while reverse logistics contain many upsides that companies cannot 

reject it to enter. This study tries to show these benefits in three dimensions of sustainable 

development by optimization method. The provided model and its results play a role as a guide 

to the top management, in such a way that managers are convinced to start the reverse logistics 

projects. In addition, the model designed under demand uncertainty that can make it flexible 

and close to real-world situations. Hence, an extremely flexible configuration of the model can 

propose an efficient opportunity to create higher profits, while it endeavours to optimize 

economic, environmental, and social issues simultaneously. Also, this research helps the newly 

entered companies to decide how many reverse logistics zones are needed to open and operate 

to make the collection and recovery of goods more efficient. The long-term operational and 

strategic decisions will be made to open new centres. Looking at the major negative impacts of 

transportation on the environment, and given the major positive impacts of reverse logistics on 

the circularity of economies, this study provides managers with a better tool to analyse their 

supply chain operations. Manufacturing companies can consolidate their reverse logistics 

operations using a third party to take more advantages and gain more supply chain surplus.  

7. Conclusion and Future Research Directions 
Because in all industries the cost of  production as well as the price of raw materials increase, 

many companies are looking for ways which are neither costly nor detrimental for the nature 

and the environment. Furthemore, government and nongovernment organizations put 

manufacturers under pressure to consider social responsibility. For this purpose, companies 

endeavour to run a reverse logistics network for their second-hand products. In reverse 

logistics, second-hand products at the end-of-life are collected from consumers to deliver to 

producers for some additional activities such as remanufacturing, reusing, refurbishing, 

recycling, and disposal. 

This paper proposed a mathematical model for a multi-product, multi-stage, and multi-

period sustainable forward and reverse logistics network under demand uncertainty. The 

suggested mathematical model was a probabilistic multi-objective mixed integer programming 

including three objectives functions corresponding to three dimensions of sustainability. The 

first objective is cost minimization containing transportation costs, fixed costs, stocking costs, 

and environmental costs. The second objective function is time minimization including 

transportation. The third one is related to social responsibilities in distributing and collecting 

centres. The provided model not only considers novel terms in the objective functions but also 

represents new constraints for environmental issues. In order to solve the model, a NSGA-II 

was applied. To demonstrate the performance of the solution method, the results were 

compared with a MOPSO in five defined comparative metrics by ANOVA. The comparative 

metrics are the mean ideal distance, diversity of Pareto solutions, spacing measure, the number 



of Pareto solutions, and computational time. As a result of the comparison of two algorithms, 

NSGA-II was far more efficient than MOPSO in the mean ideal distance, diversification, the 

number of Pareto solutions, and computational time metrics. However, MOPSO just performs 

better in the spacing metric. It means that NSGA-II outperforms the MOPSO in this 

optimization problem. 

This study supposed that uncertainty exists on the demands of reverse logistics centres while 

future researchers can extend it on the quality of returned products and also the quality of 

recovered products in reverse logistics process as well as the amount of returned products from 

customers. Also, in the presented model, three objective functions were considered including 

costs, time, and social responsibility. Therefore, future researchers can propose other objective 

functions by focusing on green issues and also regarding employees' work. Next, in this 

research, NSGA-II was used and compared with MOPSO. However, it is recommended 

applying cross-entropy and symbiotic organisms search in this context.  
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