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  35 

Abstract 36 

Location-routing is an extremely important problem in supply chain management. In the location-37 

routing problem, decisions are made about the location of facilities such as distribution centers as 38 

well as the set of vehicle routes. Today, organizations seek to reduce the transportation cost by 39 

outsourcing which leads to a specific type of transportation problems called open routing. On the 40 

other hand, the growing concerns of environmental impacts have led to paying more attention to 41 

environmental issues and reducing the environmental impacts of logistics activities. To this end, 42 

in this paper, both open and closed routes are simultaneously addressed by developing a multi-43 

objective mixed integer linear programming model that included three economic, environmental, 44 

and social responsibility aspects. The three objective functions of the proposed model encompass 45 

the minimization of total costs and greenhouse gas emissions, and the maximization of 46 

employment rate and economic development. Also, in this study, a different type of routing is 47 

considered in each echelon. A small-sized problem instance is solved using the Augmented 48 

Epsilon Constraint (AEC) method with the CPLEX Optimizer Solver for the validation of the 49 

proposed model. Due to the NP-Hardness of the problem, two efficient metaheuristic algorithms 50 

of Non-dominated Sorting Genetic Algorithm (NSGA-II) and Multi-Objective Stochastic Fractal 51 

Search (MOSFS) are exploited to solve the medium and large size problems. The performance of 52 

the algorithms is compared in terms of time, MID, diversity, spacing, SNS, and RAS indexes. The 53 

results show that the MOSFS algorithm outperforms the NSGA-II based on several indexes.  54 

Keywords: Location-routing; Greenhouse gas emission; Multi-objective optimization; Augmented 55 

Epsilon Constraint (AEC); NSGA-II; MOSFA 56 

 57 

1. Introduction 58 

To take advantage of competitive and economic advantages, it is essential for the organization to 59 

focus on minimizing costs or maximizing profits (Madani & Rasti-Barzoki, 2017). On the other 60 

hand, the production activities have detrimental environmental impacts due to the 61 

overconsumption of natural resources (Chen, 2013). Road transportation also faces significant 62 

environmental issues such as reducing greenhouse gas emissions and decreasing the use of fossil 63 

fuels. To resolve these issues, governments and organizations must take practical initiatives and 64 

change transportation policies to provide sustainable logistics operations (Ouhader & El kyal, 65 

2017). The environmental impacts have been considered as one of the primary aspects of 66 

sustainable development due to raising awareness about the pollutants and their negative impacts 67 

on humans’ lives (Osmani & Zhang, 2017).  68 



In 2009, it was argued that sustainable development also addresses social responsibility issues 69 

(Pishvaee et al., 2014). Sustainable development is an initial strategic goal for the supply chain 70 

(Biuki et al., 2020). Most of the previous studies on sustainability problems have investigated 71 

economic and environmental aspects and less attention has been paid to social responsibility 72 

issues. It should be noted that the lack of research on the social responsibility aspect is due to the 73 

complexity of social responsibility modeling (Eskandarpour et al., 2015). 74 

Sustainable supply chain problems are classified into two main categories: (1) green supply chain, 75 

and (2) sustainable supply chain (Seuring, 2013). The concept of sustainable supply chain 76 

management is broader than green supply chain management as green supply chain management 77 

is a part of sustainable supply chain management (Srivastava, 2007). A supply chain consists of 78 

suppliers, manufacturing plants, and customers as well as materials flow, information flow and 79 

cash flow between the components. The management of a supply chain system can be divided into 80 

three levels: strategic, technical, and operational levels. An effective cooperation among the entire 81 

supply chain system can lead to a significant reduction in total costs. Supply chain network design 82 

usually initiates with selecting potential locations and determining the capacity required for 83 

factories (Zhu et al., 2010).  84 

Establishing new factories (warehouses or depots) requires a lot of investment and it is expected 85 

that these facilities to be used for a long period of time (Melo et al., 2009). The location of factories 86 

has a long-term impact on the performance of the entire supply chain and is one of the most 87 

important strategic decisions in the design of the supply chain network. Location-routing problems 88 

(LRP) integrate two basic problems in logistics. In LRP, as the name implies, decision about the 89 

locations of various facilities (such as factories, distribution centers, depots, hubs, transit 90 

warehouses, etc.) is merged with the decision on the routes of the vehicles. Independent decision 91 

on either of these two categories can have a considerable impact on the global optimal solution 92 

(Salhi & Rand, 1989). 93 

Delivery of goods from origin to destination is often done through one or more intermediate 94 

facilities such as hubs and warehouses. These types of distribution systems are commonly known 95 

as multi-echelon systems. Each echelon can be defined as the connector between two adjacent 96 

levels. Here, an echelon can be any type of facility such as factory, warehouse, distribution center, 97 

customer, etc. Multi-echelon distribution systems are often used by public and private sector 98 

organizations in distribution networks to implement transportation systems and traffic planning 99 

strategies. The common examples of multi-echelon distribution systems are logistics systems and 100 

multi-mode urban transportation systems. Two-echelon distribution systems are a special type of 101 

multi-echelon distribution systems in which the distribution network consists of three levels. Two-102 

echelon distribution systems have received more attention in recent years because of their wide 103 

application in daily jobs. 104 

A distribution network that consists of three distinct sets of vertices corresponding to potential 105 

factory locations (origins), potential secondary facility locations (mid-level facilities or depots) 106 



and customers (destinations) is called a two-echelon distribution network. In this distribution 107 

network, the location of customers is predetermined and fixed. In other words, the locations of the 108 

required factories and/or the secondary facilities are not predefined. Figure 1 depicts an overview 109 

of a two-echelon location-routing problem (2E-LRP). 110 
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Figure 1. An overview of a two-echelon location-routing problem (2E-LRP) 112 

Nowadays, transportation companies often outsource transportation in one or more echelons to 113 

decrease the transportation cost and consequently the cost of the final product. This matter has led 114 

to the emerge of a new type of vehicle routing problems called open routing (The vehicles do not 115 

return to the origin after serving the last customer and an open route is created). In practice, the 116 

open vehicle routing problem (OVRP) relates to a situation in which a company does not possess 117 

its own fleet of vehicles or its current fleet of vehicles is not able to meet the demands of all 118 

customers. In this case, all or a part of the distribution activities are contractually outsourced to a 119 

third party logistic company (Repoussis et al., 2010). 120 

On the other hand, the reduction of the adverse effects of transportation activities on the 121 

environment is a critical issue. Consequently, green transportation systems have been developed 122 

in manufacturing and distribution industry. Different approaches such as Pollution Routing 123 

Problem (PRP) can be applied to vehicle routing problems to reduce greenhouse gas emissions. 124 

The goal of PRP is to select the vehicle routes with the lowest greenhouse gas emissions, especially 125 

carbon dioxide emissions (Eskandarpour et al., 2015). 126 

According to the aforementioned issues, this research seeks to present a sustainable three-objective 127 

model for two-echelon location-routing problem under uncertainty. The problem consists of three 128 

levels including factories, depots, and customers.  In addition to minimizing the total costs of the 129 

entire distribution system, the amount of carbon dioxide emissions is minimized, which is one of 130 

the main criteria for sustainable development. Also, the social responsibility aspect (employment 131 

rate and the community development) is considered in the proposed model. In this problem, the 132 

location of depots is determined and the routing of the vehicles is distinguished on both two 133 



echelons. In addition, both open and closed vehicle routing problems are taken into account. The 134 

proposed model is called combination of open and closed sustainable two-echelon location-routing 135 

problem (COM-S2ELRP). The results of solving this multi-objective mathematical programming 136 

model determine the optimal location of the depots, the routing of the vehicles, and the optimal 137 

amount of transportation in both two echelons, in addition to the allocation of customers and 138 

depots. 139 

 140 

2. Literature review 141 

Routes are expanded from the initial facilities to the depots and from the depots to the customers 142 

to hand over goods to the customers. In this type of LRP, routes from the initial facilities to the 143 

depots are called the first echelon routes, and routes from the depots to the customers are called 144 

second the echelon routes (Prodhon & Prins, 2014).  Jacobsen & Madsen (1980) investigated 2E-145 

LRP for the first time considering the newspaper distribution system in the western part of 146 

Denmark. Lin & Lei (2009) developed a 2E-LRP model that included two types of customers and 147 

a number of depots. Crainic et al. (2011 introduced a heuristic algorithm to solve 2E-LRP 148 

considering a single facility at level zero and capacitated facilities at level one. Nguyen et al. (2012) 149 

proposed a 2E-LRP model assuming a central depot and several candidate locations for other 150 

depots. In this model, the costs of establishing depots were different and their capacities were 151 

considered limited. 152 

Martínez-Salazar et al. (2014) presented a bi-objective 2E-LRP model including cost and traveled 153 

distance minimization and several assumptions such as capacitated facilities at levels zero and one, 154 

fixed costs for establishing the facilities at both levels, direct transportation in the first echelon, 155 

and the homogeneous fleet in the second echelon. They applied two metaheuristic algorithms to 156 

solve the model. Rahmani et al. (2014) developed a mixed integer programming (MIP) model with 157 

several assumptions for 2E-LRP and solved it employing two heuristic approaches. In addition, 158 

Vidović et al. (2016) provided a MIP model for 2E-LRP to design a collecting and recycling 159 

system for the non-hazardous recyclable waste. Ouhader & El kyal (2017) suggested a sustainable 160 

2E-LRP to deliver products from suppliers to customers. The model included three objective 161 

functions: minimization of costs and emissions and maximization of job opportunities. They 162 

employed the Epsilon Constraint method to solve it. Zhao et al. (2018) proposed a 2E-LRP model 163 

for the post sector with a heterogeneous transportation fleet and exploited a heuristic approach to 164 

tackle it.  165 

Pichka et al. (2018) introduced a new type of 2E-LRP model called the two-echelon open location-166 

routing problem (2E-OLRP) assuming that the vehicles do not return to the depots. Darvish et al. 167 

(2019) developed a flexible type of 2E-LRP model considering flexibility in delivery time and 168 

flexibility in distribution network design. They solved the model using the Branch-and-Bound 169 

exact method. Amiri et al. (2019) presented a mixed integer nonlinear programming model 170 



(MINLP) assuming time window for 2E-LRP and utilized the Lagrangian Relaxation method to 171 

solve it.  172 

Gao & 1Institute (2020) reviewed the studies on 2E-LRP which shows there is no research on open 173 

and closed routing problems. Lu et al. (2019) proposed a 2E-LRP model considering closed routing 174 

and applied two metaheuristic algorithms to solve it. Liu & Jiang (2012) developed an MIP model 175 

for the combination of open and closed vehicle routing problem (COMVRP) and employed a 176 

metaheuristic algorithm to deal with it. Yu & Lin (2015) applied the Simulated Annealing (SA) 177 

algorithm to solve the open vehicle routing problem.  178 

Several studies conducted on the sustainable vehicle routing problems have addressed economic, 179 

environmental, and social responsibility aspects. For example, Navazi et al. (2019a) presented a 180 

sustainable location-routing model considering economic (cost minimization), environmental 181 

(emission minimization) and social responsibility (customer satisfaction) aspects to collect expired 182 

products through forward and reverse routes. They also utilized two NSGA-II and MOPSO 183 

metaheuristic algorithms to tackle this problem. Also, Navazi et al. (2019b) proposed a sustainable 184 

location-routing model for product delivery to customers. In this study, four goals of reducing 185 

costs, environmental pollutions, driving accidents and increasing customer satisfaction through 186 

timely delivery were considered. Seyedhosseini et al. (2014) developed a model for the location-187 

routing and inventory problem considering distribution disruptions. They employed the LINGO 188 

software and Genetic Algorithm (GA) to solve the small-sized and large-sized problems, 189 

respectively.  190 

Liu & Liu (2019) suggested a sustainable two-stage stochastic model. Zhang et al. (2018) provided 191 

a sustainable location-routing model considering multiple depots in emergency conditions to 192 

minimize relief cost, traveling time, and CO2 emission. Nekooghadirli et al. (2014) presented a 193 

bi-objective model for the location-routing and inventory problem considering uncertain traveling 194 

time and customer demand. They also utilized several metaheuristic algorithms to deal with the 195 

problem. Ebrahimi (2018) proposed a multi-objective random allocation-routing problem for the 196 

entire supply chain considering sustainability and discount. The objectives comprise economic 197 

(minimizing costs), environmental (minimizing pollutions), and social responsibility (maximizing 198 

responsiveness to customers) aspects. Finally, they solved the model using the Epsilon Constraint. 199 

Biuki et al. (2020) suggested a model for the location-routing and inventory problem of the 200 

perishable products and applied two GA and PSO metaheuristic algorithms to tackle it.  201 

Liu et al. (2021) developed a sustainable location-routing and inventory model for the supply chain 202 

of perishable products considering economic (cost minimization), environmental (minimization of 203 

CO2 emissions) and social responsibility (freshness and high quality of products for customer 204 

satisfaction) aspects. Babaee et al. (2020) provided a location-routing model for hospital waste 205 

management to prevent the spread of coronavirus considering sustainability. Masoudipour et al. 206 

(2020) presented a sustainable closed loop supply chain model and solved it using the 207 

Lexicographic Augmented Epsilon Constraint method with the CPLEX optimization software. 208 



Tang et al. (2016) introduced a model for the sustainable location-routing and inventory problem. 209 

In this study, environmental issues based on consumer behavior were investigated. Mahmoodirad 210 

et al. (2021) proposed the sustainable multi-objective multi-product location-routing and inventory 211 

problem for the supply chain of the perishable products considering open routing and direct 212 

transportation. They also employed several metaheuristic algorithms such as NSGA-II and 213 

MOGWO. Zandkarimkhani et al. (2020) developed a model for designing a sustainable open loop 214 

supply chain network considering the location-routing problem with a combined approach based 215 

on Fuzzy AHP and Fuzzy TOPSIS methods.  216 

The literature on the two-echelon location-routing problems (2E-LRP) shows that open and closed 217 

routes have not been considered simultaneously in previous studies. In this paper, a sustainable 218 

mixed integer linear programming (MILP) model including economic aspect (cost minimization), 219 

environment (minimization of transportation emissions) and social responsibility (job creation and 220 

community development) aspects is presented for the two-echelon location-routing problem 221 

considering the combination of open and closed routes under uncertainty conditions. In addition, 222 

in this research, a different type of routing is considered in each echelon. 223 

 224 

3. The proposed mathematical model 225 

 In this section, a three-objective mixed integer linear programming (MILP) model is proposed for 226 

the sustainable combined open and closed two-echelon location-routing problem under uncertainty 227 

conditions. In the proposed model, the minimization of total costs and greenhouse gas emissions 228 

together with the maximization of employment rate and community development through 229 

establishing the facilities in deprived and undeveloped regions is considered.  230 

The contribution of this multi-objective optimization model is the combination of closed and open 231 

routes in a sustainable two-echelon location-routing problem. In this model, real-world 232 

assumptions are taken into consideration in such a way that the closed routes are assumed for the 233 

first echelon (each trip should end at the starting point which is a factory) and the open routes are 234 

assumed for the second echelon (after satisfying the last customer's demand, the vehicle do not 235 

return to the depot, in other words, the fleet is outsourced based on a contract for transporting 236 

goods). 237 

Figure 2 shows an overview of a feasible solution to an instance single-period single-product 238 

problem. 239 
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Figure 2. An example of a feasible solution to an instance problem 241 

As shown in the above figure, decision on the facility location is made only at the second level, 242 

and at the first level decision on the location is made, while decision on routing is made in both 243 

echelons.  244 

The sets, indices, parameters, and decision variables of the proposed three-objective MILP model 245 

are presented as follows:   246 

3.1.Sets and indices 247 

3.2.Parameters 248 

3.2.1. Parameters related to the economic aspect 249 

The fixed cost of establishing intermediate facilities (depots) 𝐹𝐷𝑘 
The fixed cost of using each vehicle in the first echelon 𝐹𝑉1𝑣 

The fixed cost of using each vehicle in the second echelon 𝐹𝑉2 

The demand of customer i 𝑑𝑖 
Direct (Euclidean) distance (cost corresponding to transport) between two nodes i and 

j ∈N 
𝑐𝑖𝑗 

Maximum number of available vehicles in each depot 𝑁𝑉 

The capacity of the first level facility (factory)  𝐶𝑃𝑘 

The capacity of the second level facility (depot) 𝐶𝐷𝑘 

𝑁 = 𝑁𝑝 ∪ 𝑁𝑑 ∪ 𝑁𝑐: The set of the whole network notes 𝑁 
The set of factories at the first level of the distribution network 𝑁𝑝 

The second level facility set (depots, warehouses or distribution centers) 𝑁𝑑 

The set of customers at the third level 𝑁𝑐 
The set of all connecting arcs between network nodes 𝐴 

The set of available vehicles in each facility (factory) of the first level of the 
distribution network  

𝑉 

The index of each network node  𝑖, 𝑗, 𝑘,𝑚 

The vehicle index in the first echelon 𝑣 



The capacity limit of each vehicle in the first echelon 𝐶𝑉1𝑣 

The capacity limit of each vehicle in the second echelon 𝐶𝑉2 

3.2.2. Parameters related to the environmental aspect 250 

The amount of CO2 emissions of the empty vehicles of the first echelon  
(Kg CO2/km) 

𝐸𝑣𝑒1𝑣  

The amount of CO2 emissions of the empty vehicles of the second echelon  
(Kg CO2/km) 

𝐸𝑣𝑒2 

The amount of CO2 emissions of the full vehicles of the first echelon  
(Kg CO2/km) 

𝐸𝑣𝑓1𝑣  

The amount of CO2 emissions of the full vehicles of the second echelon  
(Kg CO2/km) 

𝐸𝑣𝑓2 

3.2.3. Parameters related to the social responsibility aspect 251 

The importance factor of employment 𝜔𝑒𝑚 
The importance factor of community development  𝜔𝑒𝑑 
Number of permanent jobs created corresponding to each depot in node 
(region) k 

𝐽𝑂𝑘 
The rate of increase in the economic value of node k corresponding to the 
establishment of a depot in node (region) k 

𝐸𝑉𝑘 
The unemployment rate of node (region) k 𝑢𝑟𝑘 
The level of economic development in node (region) k  𝑟𝑑𝑘 

3.3.Decision variables 252 

Binary variable corresponding to the establishment of depot (1: if depot k is 
established, otherwise: 0) 

𝑦𝑘 
Binary variable corresponding to routing in the first echelon (1: if vehicle v is 
traveled between nodes i and j in the first echelon, otherwise: 0) 

𝑠𝑖𝑗𝑣 
Binary variable corresponding to routing in the second echelon (1: if a route is 
created between nodes i and j in the second echelon, otherwise: 0) 

𝑥𝑖𝑗 
Binary variable corresponding to the assignment of customers to depots (1: if 
customer i is assigned to depot k, otherwise: 0) 

𝑤𝑖𝑘 
The integer variable corresponding to the amount of remaining load in vehicle v in 
the first echelon traveling from node i to node j 

𝑄𝑖𝑗𝑣 
The integer variable corresponding to the amount of remaining load in the vehicles of 
the second echelon traveling from node i to node j 

𝑈𝑖𝑗 
Consider a complete directional graph network 𝐺 = (𝑁, 𝐴). In which, 𝑁 = 𝑁𝑝 ∪ 𝑁𝑑 ∪ 𝑁𝑐 253 

represents the set of all network nodes. 𝑁𝑝, 𝑁𝑑, and 𝑁𝑐 denote factories (the first level), potential locations 254 

for depots (the second level), and customers (the third level), respectively. Also, 𝐴 = {(𝑖, 𝑗): 𝑖, 𝑗𝜖𝑁 , 𝑖 ≠ 𝑗} 255 

denotes the set of all network arcs. In addition, the following relation exists for all i, j, and d ∈ N: 256 

 𝑐𝑖𝑑 + 𝑐𝑑𝑗  ≥ 𝑐𝑖𝑗, in which, 𝑐𝑖𝑗 denotes the cost of traveling between nodes i and j. Each customer has a 257 

demand equal to the amount of  𝑑𝑖: 0 ≤ 𝑑𝑖 ≤ 𝐶𝑉2.  258 



3.4.Three-objective mixed integer linear programming (MILP) model 259 

Now, the three-objective MILP model is presented for the COM-S2ELRP problem in hand: 260 

   (1) 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍1 = ∑ ∑ ∑𝑐𝑖𝑗𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑 ,(𝑖≠𝑗)𝑖∈𝑁𝑝∪𝑁𝑑 + ∑ ∑ 𝑐𝑖𝑗𝑥𝑖𝑗𝑗∈𝑁𝑐𝑖𝜖𝑁/𝑁𝑝 + ∑ 𝐹𝐷𝑘𝑦𝑘𝑘∈𝑁𝑑+ ∑ ∑ ∑𝐹𝑉1𝑣𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑑𝑖∈𝑁𝑝 +∑ ∑ 𝐹𝑉2𝑥𝑘𝑖𝑘∈𝑁𝑑𝑖𝜖𝑁𝑐  

Equation (1) states the first objective function which minimizes the total costs of the entire system 261 

and consists of five components: (1) The transportation costs of the first echelon vehicles, (2) The 262 

transportation costs of the second echelon vehicles, transportation costs of second-class travel by 263 

secondary vehicles, the fixed costs of establishing depots in the second level, the fixed costs of 264 

using vehicles in the first echelon, and the fixed costs of using vehicles in the second echelon.  265 

(2) 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍2 = ∑ ∑ ∑𝑐𝑖𝑗 [((𝐸𝑣𝑓1𝑣 − 𝐸𝑣𝑒1𝑣 ) 𝑄𝑖𝑗𝑣𝐶𝑉1𝑣) + 𝐸𝑣𝑒1𝑣 𝑠𝑖𝑗𝑣 ]𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑 𝑖∈𝑁𝑝∪𝑁𝑑+ ∑ ∑ 𝑐𝑖𝑗 [((𝐸𝑣𝑓2 − 𝐸𝑣𝑒2) 𝑈𝑖𝑗𝐶𝑉2) + 𝐸𝑣𝑒2𝑥𝑖𝑗]𝑗∈𝑁𝑐𝑖𝜖𝑁/𝑁𝑝  

Equation (2) states the second objective function which minimizes the total amount of CO2 266 

emissions of the whole system and consists of two components: the amount of CO2 emissions of 267 

the first echelon, and the amount of CO2 emissions of the second echelon. It is noteworthy that the 268 

amount of CO2 emissions in both two echelons depends on the type of vehicle and its load and 269 

distance traveled, also, the vehicles are heterogeneous in the first echelon and homogeneous in the 270 

second echelon. 271 

The third objective function deals with social responsibility. According to ISO 26000 guidance on 272 

social responsibility, community participation and development is one of the main aspects of social 273 

responsibility. There are two main methods to calculate the social responsibility aspect: 274 

(1) Employment, 275 

(2) Regional development 276 

In the proposed model, the establishment of a depot as a facilitator of intermediate transfer can 277 

lead to the participation and development of the community. In fact, employment and economic 278 

development are the two main reasons for establishing facilities. In other words, job opportunities 279 

resulting from the establishment of a depot are considered. Social value is calculated using the 280 

number of created job opportunities and the unemployment rate in that region. In this regard, 281 

creating job opportunities in a region with a higher unemployment rate leads to greater social 282 

value. Regional development rate and economic value of established depots are addressed to assess 283 



social value. Hence, higher social value means more importance given to regions with less 284 

economic development. The criteria of economic development and employment are as follows: 285 

𝑆𝐼em = ∑ (JOk)urkykk∈𝑁𝑑                                                                                                                     (3 − 1) 286 

SIed = ∑ EVk(1 − rdk)ykk∈𝑁𝑑                                                                                                             (3 − 2) 287 

Both above criteria are taken into account in the third objective function of the model:  288 

Max 𝑍3 = ωem (∑ (JOk)urkykk∈𝑁𝑑 ) + ωed (∑ EVk(1 − rdk)ykk∈𝑁𝑑 )                                     (3) 289 

Subject to: 290 

Constraints related to the first echelon: 291 

   (4) ∑ 𝑦𝑘𝑘∈𝑁𝑝 = |𝑁𝑝| 
Equation (4) ensures that the 𝑁𝑝 number of factories must be established at the first level. 292 

     (5) ∑ 𝑠𝑖𝑗𝑣𝑗∈𝑁𝑑 ≤ 1                    ∀𝑖 ∈ 𝑁𝑝 , ∀𝑣 ∈ 𝑉 

Constraint (5) states that each of the available vehicles in each factory cannot travel more than 293 

one route. 294 

   (6) 
∑ 𝑠𝑖𝑗𝑣𝑗∈𝑁𝑝∪𝑁𝑑(𝑗≠𝑖)

= ∑ 𝑠𝑗𝑖𝑣𝑗∈𝑁𝑝∪𝑁𝑑(𝑗≠𝑖)
                    ∀𝑖 ∈ 𝑁𝑝 ∪ 𝑁𝑑  , ∀𝑣 ∈ 𝑉 

   (7) 
∑ ∑𝑠𝑘𝑗𝑣 = 𝑦𝑘𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑(𝑗≠𝑘)

                    ∀𝑘 ∈ 𝑁𝑑 

  (8) 
∑ ∑𝑠𝑗𝑘𝑣 = 𝑦𝑘𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑(𝑗≠𝑘)

                    ∀𝑘 ∈ 𝑁𝑑 



Constraints (6), (7), and (8) ensure that for each node in the first and second levels corresponding 295 

to the first-echelon routes, exactly one arc with one vehicle enters and one arc with the same 296 

vehicle exits. 297 

(9) ∑𝑠𝑖𝑘𝑣𝑣∈𝑉 ≤ 𝑦𝑘                    ∀𝑖 ∈ 𝑁𝑝 , ∀𝑘 ∈ 𝑁𝑑 

Constraint (9) ensures that the first echelon routes originating from the existing factories go to a 298 

depot that already has been established. 299 

(10) ∑ ∑𝑄𝑖𝑗𝑣 ≤ 𝐶𝑃𝑖𝑣∈𝑉𝑗∈𝑁𝑑                      ∀𝑖 ∈ 𝑁𝑝 

Constraint (10) shows that the total demand met by the factories in the first echelon cannot exceed 300 

their capacity. 301 

(11) 𝑠𝑖𝑗𝑣 = 0                    ∀𝑖, 𝑗 ∈ 𝑁𝑝 , ∀𝑣 ∈ 𝑉 

Constraint (11) prevents the creation of a route between factories in the first echelon. 302 

(12) ∑ ∑𝑄𝑗𝑖𝑣 − ∑ ∑𝑄𝑖𝑗𝑣 =𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑 ∑ 𝑑𝑘𝑤𝑘𝑖𝑘∈𝑁𝑐                     ∀𝑖 ∈ 𝑁𝑑 

Constraint (12) refers to two basic principles in the first echelon: first, that it guarantees the balance 303 

of flow in the routes created in the first echelon, and second, that this constraint prevents the 304 

creation of sub-loops in the first echelon. 305 

(13) 𝑄𝑖𝑗𝑣 ≤ 𝐶𝑉1𝑣𝑠𝑖𝑗𝑣                     ∀𝑖, 𝑗 ∈ 𝑁𝑝 ∪ 𝑁𝑑  (𝑖 ≠ 𝑗), ∀𝑣 ∈ 𝑉 

Constraint (13) ensures that the total load of a vehicle in the first echelon cannot exceed the 306 

capacity of that vehicle. 307 

(14) ∑ ∑ 𝑄𝑖𝑗𝑣 = 0𝑗∈𝑁𝑝𝑖∈𝑁𝑑                      ∀𝑣 ∈ 𝑉 

Equation (14) mandates that the first echelon vehicle returning to the origin factory at the end of 308 

the tour (closed route) cannot have any load and must be empty. 309 

Constraints related to the second echelon: 310 



(15) 𝑥𝑘𝑗 ≤ 𝑦𝑘                    ∀𝑗 ∈ 𝑁𝑐 , ∀𝑘 ∈ 𝑁𝑑 

Constraint (15) indicates that the second echelon routes can originate from a depot that already 311 

has been established. 312 

(16) ∑ 𝑥𝑖𝑗𝑗𝜖𝑁/𝑁𝑝 = 1                    ∀𝑖 ∈ 𝑁𝑐 
Equation (16) ensures that each customer receives service exactly once. 313 

(17) ∑ 𝑥𝑖𝑗𝑗𝜖𝑁/𝑁𝑝 = ∑ 𝑥𝑗𝑖𝑗𝜖𝑁/𝑁𝑝                     ∀𝑖𝜖𝑁/𝑁𝑝 

Equation (17) ensures that for each node in the second echelon the number of incoming arcs 314 

(routes) is equal to the number of out coming arcs (routes). 315 

(18) ∑ 𝑈𝑗𝑖𝑗𝜖𝑁/𝑁𝑝 − ∑ 𝑈𝑖𝑗𝑗𝜖𝑁/𝑁𝑝 = 𝑑𝑖                    ∀𝑖 ∈ 𝑁𝑐 
Equation (18) indicates the balance of flow in the second echelon. 316 

(19) 𝑈𝑖𝑗 ≤ 𝐶𝑉2𝑥𝑖𝑗                    ∀𝑖, 𝑗 ∈ 𝑁/𝑁𝑝   (𝑖 ≠ 𝑗) 
Constraint (19) guarantees that the remaining demand of the customers (the remaining load of the 317 

vehicle in the second echelon) cannot exceed the capacity of the vehicle. 318 

(20) ∑ 𝑈𝑘𝑗𝑗∈𝑁𝑐 = ∑ 𝑤𝑗𝑘𝑑𝑗𝑗∈𝑁𝑐                    ∀𝑘 ∈ 𝑁𝑑 

Equation (20) mandates that the total demand of customers assigned to a particular depot must be 319 

met by vehicles sent from the same depot. 320 

(21) ∑ 𝑈𝑗𝑘𝑗∈𝑁𝑐 = 0                   ∀𝑘 ∈ 𝑁𝑑 



Equation (21) ensures that in the second echelon the amount of remaining load in the vehicle after 321 

serving the last customer is equal to zero (open route). 322 

(22) 𝑈𝑖𝑗 ≤ (𝐶𝑉2 − 𝑑𝑖)𝑥𝑖𝑗                    ∀𝑖 ∈ 𝑁𝑐  , ∀𝑗 ∈ 𝑁/𝑁𝑝 

(23) 𝑈𝑖𝑗 ≥ 𝑑𝑗𝑥𝑖𝑗                     ∀𝑖 ∈ 𝑁/𝑁𝑝  , ∀𝑗 ∈ 𝑁𝑐 
Constraints (22) and (23) define the upper and lower bounds for the flow variables in the second 323 

echelon, respectively. 324 

(24) ∑ 𝑤𝑖𝑘𝑘∈𝑁𝑑 = 1                   ∀𝑖 ∈ 𝑁𝑐 
Equation (24) mandates that each customer is assigned to only one depot. 325 

(25) ∑𝑑𝑖𝑤𝑖𝑘𝑖∈𝑁𝑐 ≤ 𝐶𝐷𝑘𝑦𝑘                   ∀𝑘 ∈ 𝑁𝑑 

Constraint (25) ensures that the total demand of customers assigned to a depot cannot exceed the 326 

capacity of that depot. 327 

(26) 𝑥𝑖𝑘 ≤ 𝑤𝑖𝑘                    ∀𝑖 ∈ 𝑁𝑐 , ∀𝑘 ∈ 𝑁𝑑 

(27) 𝑥𝑘𝑖 ≤ 𝑤𝑖𝑘                    ∀𝑖 ∈ 𝑁𝑐  , ∀𝑘 ∈ 𝑁𝑑 

(28) 
𝑥𝑖𝑗 + 𝑤𝑖𝑘 + ∑ 𝑤𝑗𝑚𝑚∈𝑁𝑑(𝑚≠𝑘)

≤ 2                    ∀𝑖, 𝑗 ∈ 𝑁𝑐    (𝑖 ≠ 𝑗),   ∀𝑘 ∈ 𝑁𝑑 

(29) ∑ 𝑥𝑘𝑖𝑖∈𝑁𝑐 ≤ 𝑁𝑉                    ∀𝑘 ∈ 𝑁𝑑 

Constraints (26-29) prevent the creation of impractical routes as well as sub-loops in the second 328 

echelon. 329 

(30) 𝑠𝑖𝑗𝑣 ∈ {0,1}                    ∀𝑖, 𝑗 ∈ 𝑁/𝑁𝑐 , ∀𝑣 ∈ 𝑉 



(31) 𝑥𝑖𝑗 ∈ {0,1}                    ∀𝑖 ∈ 𝑁/𝑁𝑝, ∀𝑗 ∈ 𝑁𝑐  
(32) 𝑦𝑘 ∈ {0,1}                    ∀𝑘 ∈ 𝑁𝑑 

(33) 𝑤𝑖𝑘 ∈ {0,1}                    ∀𝑖 ∈ 𝑁𝑐, ∀𝑘 ∈ 𝑁𝑑 

(34) 𝑄𝑖𝑗𝑣 ≥ 0                    ∀𝑖, 𝑗 ∈ 𝑁/𝑁𝑐 , ∀𝑣 ∈ 𝑉 

(35) 𝑈𝑖𝑗 ≥ 0                    ∀𝑖 ∈ 𝑁/𝑁𝑝, ∀𝑗 ∈ 𝑁𝑐 
Constraints (30-35) define the decision variables of the model. 330 

3.5.The proposed robust possibilistic programming model 331 

Due to the existing uncertainty and lack of sufficient information about the parameters of the 332 

proposed model in the previous section, determining the exact values of the parameters will be 333 

very difficult and impossible in some case. The model presented in the previous section for the 334 

sustainable location-routing problem is a multi-objective mixed integer programming model in 335 

which the parameters corresponding to cost and capacity are uncertain and are expressed using 336 

fuzzy numbers. To deal with the uncertainty of the problem, a robust possibilistic programing 337 

model is developed. Possibilistic programming is used to deal with uncertainties of the coefficients 338 

of the objective function and the constraints of the model. In possibilistic programming, the 339 

historical data are considered together with the decision maker's opinion. In this study, a robust 340 

possibilistic programming model based on the chance-based possibilistic programming model 341 

presented by Pishvaee et al. (2012) is presented. 342 

A solution to an optimization problem is a robust solution if it encompasses feasibility robustness 343 

and optimality robustness. Feasibility robustness means that the solution must remain feasible for 344 

almost all possible scenarios of uncertain parameters. Optimality robustness means that the value 345 

of the objective function for a robust solution must have a minimum deviation from its optimal 346 

value for almost all amounts of uncertain parameters. 347 

3.6.The proposed robust programming model  348 

First, the necessity measure, that is applied to defuzzify the fuzzy numbers, is explained. If the 349 

uncertain parameters of the model are considered based on the chance and trapezoid fuzzy numbers 350 

denoted by ω = (ω1, ω2, ω3, ω4), the equivalent crisp number of this fuzzy number can be 351 

calculated using the following formula: 352 



(36) 𝐸(ω) = ω1 +ω2 +ω3 +ω44  

The necessity of the constraint �̂� ≤ 𝑟 is defined as follows: 353 

(37) 𝑁𝑒𝑐(�̂� ≤ 𝑟) = {  
  1                                       ω4 ≤ 𝑟                                    𝑟 − ω3ω4 −ω3                          ω3 ≤ 𝑟 ≤  ω4         0                                        ω3 ≥ 𝑟                       

 𝑁𝑒𝑐 denotes the necessity measure in the chance-based constraint programming. 354 

According to the above formula, if 𝛼 ≥ 0.5: 355 

(38) 𝑁𝑒𝑐(�̂� ≤ 𝑟) ≥ 𝛼    ↔   𝑟 ≥ (1 − 𝛼) × ω3 + 𝛼 × ω4       
Relation (38) can be directly used to convert the fuzzy constraints into their equivalent crisp 356 

constraints. 357 

In this study, it is assumed that fixed and variable costs are fuzzy in nature and are represented as 358 

the following trapezoidal fuzzy numbers: 359 

𝐅𝐃𝐤̂ = 𝐅𝐃𝐤𝟏, 𝐅𝐃𝐤𝟐, 𝐅𝐃𝐤𝟑, 𝐅𝐃𝐤𝟒 𝐅𝐕𝟏𝐯̂ = 𝐅𝐕𝟏𝟏𝐯 , 𝐅𝐕𝟏𝟐𝐯 , 𝐅𝐕𝟏𝟑𝐯 , 𝐅𝐕𝟏𝟒𝐯  

𝐅𝐕�̂� = 𝐅𝐕𝟐𝟏, 𝐅𝐕𝟐𝟐, 𝐅𝐕𝟐𝟑, 𝐅𝐕𝟐𝟒 

𝐍�̂� = 𝐍𝐕𝟏, 𝐍𝐕𝟐,𝐍𝐕𝟑, 𝐍𝐕𝟒 

𝐂𝐏�̂� = 𝐂𝐏𝐤𝟏, 𝐂𝐏𝐤𝟐, 𝐂𝐏𝐤𝟑, 𝐂𝐏𝐤𝟒 

𝐂𝐃𝐤̂ = 𝐂𝐃𝐤𝟏, 𝐂𝐃𝐤𝟐, 𝐂𝐃𝐤𝟑, 𝐂𝐃𝐤𝟒 
 

               
C1           C2       C3                               C4 

Figure 3. Fuzzy parameter with trapezoidal distribution 360 

According to Formula (36) and Relation (38), the uncertain mathematical programming model 361 

presented in the previous section can be defuzzified as follows: 362 

(39) 
𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍1 = 𝐸(𝑍1) = ∑ ∑ ∑𝑐𝑖𝑗𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑 ,(𝑖≠𝑗)𝑖∈𝑁𝑝∪𝑁𝑑 +∑∑ 𝑐𝑖𝑗𝑥𝑖𝑗𝑗∈𝑁𝑐𝑖𝜖𝑁𝑁𝑝

 



                                               + ∑ 𝐸[𝐹𝐷𝑘]𝑦𝑘𝑘∈𝑁𝑑 + ∑ ∑ ∑𝐸[𝐹𝑉1𝑣]𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑑𝑖∈𝑁𝑝+∑ ∑ 𝐸[𝐹𝑉2]𝑥𝑘𝑖𝑘∈𝑁𝑑𝑖𝜖𝑁𝑐  

 

 363 

(40) 𝑁𝑒𝑐 {∑ ∑𝑄𝑖𝑗𝑣 ≤ 𝐶𝑃𝑖𝑣∈𝑉𝑗∈𝑁𝑑 }  ≥ 𝛼           ∀𝑖 ∈ 𝑁𝑝 

 

 364 

(41) 𝑁𝑒𝑐 {∑ 𝑑𝑖𝑤𝑖𝑘𝑖∈𝑁𝑐 ≤ 𝐶𝐷𝑘}  ≥ 𝛽            ∀𝑘 ∈ 𝑁𝑑 

 

 365 

(42) 𝑁𝑒𝑐 {∑ 𝑥𝑘𝑖𝑖∈𝑁𝑐 ≤ 𝑁𝑉 }  ≥ 𝛾             ∀𝑘 ∈ 𝑁𝑑 

 

Here, the converted parts corresponding to the first objective function and the constraints of the 366 

primary model that have fuzzy numbers are presented. The robust model considering feasibility 367 

robustness and optimality robustness is expressed as follows: 368 

(43) 

𝑀𝑖𝑛𝑖𝑚𝑖𝑧𝑒 𝑍1 = 𝐸(𝑍1) = 𝜎 × (𝑍1𝑀𝑎𝑥 − 𝑍1𝑀𝑖𝑛)                             + ∑ ∑ ∑𝑐𝑖𝑗𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑝∪𝑁𝑑 ,(𝑖≠𝑗)𝑖∈𝑁𝑝∪𝑁𝑑 +∑∑ 𝑐𝑖𝑗𝑥𝑖𝑗𝑗∈𝑁𝑐𝑖𝜖𝑁𝑁𝑝
 

                               + ∑  𝐹𝐷𝑘1 + 𝐹𝐷𝑘2 + 𝐹𝐷𝑘3 + 𝐹𝐷𝑘44 𝑦𝑘𝑘∈𝑁𝑑+ ∑ ∑ ∑𝐹𝑉11𝑣 + 𝐹𝑉12𝑣 + 𝐹𝑉13𝑣 + 𝐹𝑉14𝑣4 𝑠𝑖𝑗𝑣𝑣∈𝑉𝑗∈𝑁𝑑 𝑖∈𝑁𝑝                     
+ ∑ ∑ 𝐹𝑉21 + 𝐹𝑉22 + 𝐹𝑉23 + 𝐹𝑉244 𝑥𝑘𝑖 𝑘∈𝑁𝑑𝑖𝜖𝑁𝑐  

                             +𝛿1 × (∑ 𝛼 × 𝐶𝑃𝑖1 + (1 − 𝛼) × 𝐶𝑃𝑖2 − 𝐶𝑃𝑖1𝑖∈𝑁𝑝 ) 



                            +𝛿2 × (∑ 𝛽 × 𝐶𝐷𝑘1  + (1 − 𝛽) × 𝐶𝐷𝑘2 − 𝐶𝐷𝑘1)𝑘∈𝑁𝑑 ) 

                           +𝛿3 × (𝛾 × 𝑁𝑉1 + (1 − 𝛾) × 𝑁𝑉2  − 𝑁𝑉1) 
 

 369 

(44) 
∑ ∑𝑄𝑖𝑗𝑣 ≤ 𝛼 × 𝐶𝑃𝑖1𝑣∈𝑉𝑗∈𝑁𝑑 + (1 − 𝛼) × 𝐶𝑃𝑖2         ∀𝑖 ∈ 𝑁𝑝 

 

(45) 
∑𝑑𝑖𝑤𝑖𝑘𝑖∈𝑁𝑐 ≤ 𝛽 × 𝐶𝐷𝑘1  + (1 − 𝛽) × 𝐶𝐷𝑘2      ∀𝑘 ∈ 𝑁𝑑 

 

(46) 
∑ 𝑥𝑘𝑖𝑖∈𝑁𝑐 ≤ 𝛾 × 𝑁𝑉1 + (1 − 𝛾) × 𝑁𝑉2            ∀𝑘 ∈ 𝑁𝑑 

 

In the above model, the decision maker must determine the minimum confidence level of the fuzzy 370 

constraints (α, β, and γ) in such a way that like the sensitivity analysis method, the amounts of the 371 

parameters must be changed. As the number of fuzzy constraints increases, the number of tests 372 

required to determine the appropriate values of confidence levels increases significantly. Also, the 373 

model is not sensitive to the deviation of the objective function value from its optimal value, and 374 

this can impose a high risk on the decision maker in real-world problems. Therefore, the 375 

application of the robust possibilistic approach is effective to minimize the imposed risk (Pishvaee 376 

et al., 2012).  377 

The first expression 𝐸(𝑍1) in the objective function indicates the expected value of the first 378 

objective function. The second expression, 𝜎 × (𝑍1𝑀𝑎𝑥 − 𝑍1𝑀𝑖𝑛), represents the difference 379 

between the two boundary values of 𝑍1𝑀𝑎𝑥 and 𝑍1𝑀𝑖𝑛, which are obtained by placing the upper 380 

bound amounts and the lower bound amounts of the parameters in the objective function 𝑍1, 381 

respectively. 𝜎 indicates the importance of this expression compared to other expressions of the 382 

objective function. Therefore, the second expression results in minimizing the maximum positive 383 

and negative deviation from the expected optimal value of 𝑍1. In addition, this expression controls 384 

the optimality robustness of the solution vector. The subsequent expressions determine the 385 



confidence level of each fuzzy constraint in which 𝛿𝑖 is the possible deviation penalty of constraint 386 

i that contains the uncertain parameter. The last three expressions of the first objective function 387 

determine the difference between the value used in the chance-based constraint with the best value 388 

of the uncertain parameter. In addition, these last three expressions control the feasibility 389 

robustness. 390 

 391 

4. Research methodology  392 

In this study, the Augmented Epsilon Constraint (AEC) method is used to solve the multi-objective 393 

optimization model and obtain the efficient Pareto frontier. Due to the NP-Hardness of the 394 

location-routing problem, two metaheuristic algorithms named NSGA-II and MOSFS are 395 

employed to deal with this problem.   396 

4.1.The Augmented Epsilon Constraint (AEC) method 397 

In the AEC method, first the appropriate range for changing the objective function values (𝑒𝑖) 398 

must be determined and then the Pareto front is obtained for different values of (𝑒𝑖). For better 399 

implementation of the AEC method, first the appropriate range of epsilons (𝑒𝑖)  can be determined 400 

using the Lex method. The two main steps in the AEC method contain: determining the range of 401 

the 𝑒𝑖 values, and solving the AEC model. The AEC model of this research is presented as follows 402 

(Mavrotas, 2009). 403 

(47) 

{  
  𝑀𝑖𝑛  𝑂𝐵1(𝑦) −∑𝛽𝑖𝑠𝑖𝑛

𝑖=2           𝑂𝐵𝑖(𝑦) + 𝑠𝑖 = 𝑒𝑝𝑠𝑖𝑙𝑜𝑛𝑖 𝑖 = 2,3, . . , 𝐼𝑦 ∈ 𝑌                                        𝑠𝑖 ≥ 0                                        
   

where 𝑠𝑖 are nonnegative slack variables, and 𝛽𝑖 is a parameter for normalizing the value of the 404 

first objective function in relation to the goal i:  𝛽𝑖 = 𝑅(𝑂𝐵1)𝑅(𝑂𝐵𝑖). To solve the single-objective model, 405 

the cost objective function is defined as the main goal and the two other objective functions are 406 

bounded:  𝑒𝑝𝑠𝑖𝑙𝑜𝑛𝑖 ∈ [𝑀𝑖𝑛(𝑂𝐵𝑖),𝑀𝑎𝑥(𝑂𝐵𝑖)]. The obtained solution is efficient and is placed on 407 

the Pareto frontier. Note that by changing the 𝑒𝑖 values, another efficient solution and its 408 

corresponding point on the Pareto frontier is obtained 409 

4.2.Initial solution representation method  410 

First, a solution representation is used to define the problem in the metaheuristic algorithms. A 411 

continuous solution representation is used for this problem. The solution representation is a string 412 

of decimal numbers between zero and one with the length of 𝑁c +   Nd −  1  +  V  +  Nd +413 



 V −  1. V denotes the set of available vehicles in each facility, Nd represents the facility at the 414 

second echelon, and 𝑁c denotes the total number of customers at the second echelon. For instance, 415 

a solution representation for a numerical example with V = 2, Nd = 3,𝑁c = 5 can be shown as 416 

follows: 417 

0.35 0.82 0.01 0.04 0.16 0.64 0.73 0.64 0.45 0.54 0.29 0.74 0.18 

The first part of the solution representation with 𝑁c +   Nd −  1   dimensions is corresponding to 418 

routing from depot to customers. 419 

0.35 0.82 0.01 0.04 0.16 0.64 0.73 

The numbers of this part are arranged in descending order to get a permutation of these numbers. 420 

3 4 5 1 6 7 2 

In this permutation, numbers greater than 𝑁c are considered as separators, so that any series of numbers 421 

less than Vc , which are placed in sequence, corresponding with a route starting from a facility and ending 422 

at the last point of that group. In this example, the created route starts from the first facility and ends after 423 

passing the route of 3 − 4 − 5 − 1.  424 

The second part of the solution representation with the length V is corresponding to the allocation 425 

of the vehicles to the factories. 426 

0.64 0.45 

 427 

Decimal numbers are assigned to one of the factories according to the following formula. 𝑁𝑝 428 

denotes the number of factories: 429 ⌊ 𝑥 ∗ 𝑁𝑝 + 1 ⌋ 430 

 431 

2 2 

The third part of the solution representation with the length of Nd + V -1 is corresponding to routing 432 

from factories to facilities. 433 

0.54 0.29 0.74 0.18 

Same as the first part, after sorting in descending order using separators, the routes between 434 

factories and facilities are found. 435 

4 2 3 1 

In this example, the route that can be formed starts from the second factory and passes through 2-436 

3-1. It should be noted that facilities that are not used will be removed from this route. In this 437 

example, as only the first facility is used, the route originates from the second factory to the first 438 



facility and vice versa. So far, the factories and routes have been determined. Then, according to 439 

the route, the amount of goods loaded at the beginning of the route, the amount of goods unloaded 440 

at each node and the traveled length can be calculated. 441 

4.3.Non-dominated Sorting Genetic Algorithm (NSGA-II) 442 

Genetic algorithm (GA) is one of the well known metaheuristic algorithms that has emerged from 443 

biological models of living organisms. In this algorithm, the natural selection process is simulated 444 

so that the fittest and most desirable solutions are chosen to produce offspring of the next 445 

generation. The NSGA-II algorithm is a multi-objective GA that contains the following steps 446 

(Kumar et al., 2000): 447 

(1) Creating an initial population 448 

(2) Calculating the fitness criteria 449 

(3) Non-dominated sorting the population and calculating crowding distance Performing 450 

crossover and mutation operations to produce new offspring 451 

(4) Combining the initial population and the population created by the crossover and mutation 452 

operations 453 

(5) Replacing the initial (parent) population with the fittest (the most desirable) members of the 454 

combined population created in the previous step 455 

(6) All steps are repeated until the desirable generation (or optimal solutions) are achieved.  456 

4.3.1. Crossover operator (One-point crossover) 457 

In the first step, it randomly selects a pair of chromosomes (solutions). In the second step, it 458 

randomly selects a location along the chromosome string, and finally in the third step, it swaps the 459 

amounts of the two strings regarding the location selected in the previous step. It should be noted 460 

that the crossover rate must be adjusted appropriately to determine what percentage of the current 461 

population is selected for crossover operation. An example of the crossover operation is 462 

represented in Figure 3. 463 

Parent1 0.35 0.82 0.01 0.04 0.16 0.64 0.73 0.64 0.45 0.54 0.29 0.74 0.18 

    

Parent2 0.45 0.31 0.11 0.44 0.25 0.33 0.89 0.14 0.42 0.88 0.32 0.92 0.01 

    

Child1 0.35 0.82 0.01 0.04 0.16 0.64 0.73 0.64 0.42 0.88 0.32 0.92 0.01 

    

Child2 0.45 0.31 0.11 0.44 0.25 0.33 0.89 0.14 0.45 0.54 0.29 0.74 0.18 

Figure 3. A crossover representation for the chromosome of the sample problem 464 

4.3.2. Mutation operator 465 



This operation is usually applied to a single chromosome (solution), which causes some of the 466 

chromosome genes to be randomly changed to produce a new offspring. This operator increases 467 

the scatter of solutions and reduces the probability of getting stuck in a local optimum. In this 468 

research, a gene is randomly selected and a new amount is randomly assigned to that given gene. 469 

An example of the mutation operation is shown in Figure 4.  470 

0.35 0.82 0.01 0.04 0.16 0.64 0.73 0.64 0.45 0.54 0.29 0.74 0.18 

  

0.35 0.82 0.01 0.04 0.25 0.64 0.73 0.64 0.45 0.54 0.29 0.74 0.18 

Figure 4. A mutation representation for the chromosome of the sample problem 471 

4.4.Multi-Objective Stochastic Fractal Search (MOSFS) 472 

The Stochastic Fractal Search (SFS) algorithm is an efficient metaheuristic algorithm introduced 473 

by Salimi (2015). This algorithm has been used in various research topics. The Multi-Objective 474 

version of this algorithm (MOSFS) is able to solve complex multi-objective optimization problems 475 

by obtaining an efficacious set of the best non-dominated solutions with increased diversity. This 476 

algorithm is also capable of efficiently searching the solution space. Moreover, exploration and 477 

exploitation features are ensured by systematic random walks together with adaptive jump 478 

distance. Furthermore, the MOSFS algorithms contains fewer parameters to be tuned.  For more 479 

information about the characteristics and advantages of the MOSFS algorithms, please refer to 480 

Khalilpourazari et al. (2020). 481 

4.5.Problem design  482 

A set of Sterle standard problems are used to test and evaluate the proposed model (Sterle, 2009). 483 

These problems are known according to the location of facilities and customers in three groups 484 

including I1, I2 and I3, and each group is known by 31 problems, represented in Table 4.  485 

Table 4. Specifications of Sterle standard problems 486 

Instance Sterle (Sterle, 2009) 
Instance Format No. of Customers-No. of Potential Depots-No. of Plants 
No. of instances 93 Total (31 each of I1, I2 and I3) 

No. of Plants {2, 3, 4, 5} 
No. of Depots {3, 4, 5, 8, 10, 15, 20} 

Depots Location Costs 
Linear function of the capacity values and vary in the range 

[40,80] 
No. of Customers {8, 9, 10, 12, 15, 20, 25, 50, 75, 100, 150, 200} 

1st level vehicles capacity / 
2nd level vehicle capacity 

{300, 500, 800} / 200 (Up to 21 Nodes) 
{500, 800, 1000} / 200 (Up to 36 Nodes) 
{800, 1000, 1600} / 200 (Up to 39 Nodes) 

{1500, 2500, 3500} / 200 (Up to 125 Nodes) 



{3000, 5000, 8000} / 500 (Up to 225 Nodes ) 
Customer location Randomly distributed 
Customer demand Randomly generated in the range [1,100] (𝜔𝑒𝑚 = [0.5],𝜔𝑒𝑑 = [0.5], 𝐽𝑂𝑘 = [50,100], 𝐸𝑉𝑘 = [0.5,0.100], 𝑢𝑟𝑘 = [0.1,1],  𝑟𝑑𝑘 = [0.1,1] 

In this paper, the group of I2 problems with the following specifications is considered, shown in 487 

Table 5.  488 

Table 5. Design of instance problems for comparing the performance of algorithms 489 

Problem Plant Depot Costumer Problem Plant Depot Costumer 

1 2 3 8 16 4 10 20 

2 2 4 8 17 2 8 25 

3 2 3 9 18 3 8 25 

4 2 4 10 19 2 10 25 

5 3 5 10 20 3 10 25 

6 3 8 10 21 4 10 25 

7 2 4 15 22 5 8 50 

8 3 5 15 23 5 10 50 

9 3 8 15 24 5 10 75 

10 2 10 15 25 5 15 75 

11 3 10 15 26 5 10 100 

12 2 8 20 27 5 20 100 

13 3 8 20 28 5 10 150 

14 2 10 20 29 5 20 150 

15 3 10 20 30 5 10 160 

  31 5 15 160 

4.6.Tuning the algorithm parameters with the Taguchi method 490 

The performance of any metaheuristic algorithm is strongly affected by the amount set for its 491 

parameters. 492 

4.6.1. Parameter setting for the NSGA-II algorithm 493 

Four NSGA-II parameters including MaxIt (maximum iteration), NPOP (number of initial 494 

population), PC (crossover rate), and PM (mutation rate) must be set at their optimal levels. For 495 

this purpose, problem number 15, which encompasses 3 factories, 10 depots, and 20 customers, is 496 

chosen. For each parameter, three levels of low (1), medium (2) and high (3) are defined separately 497 

to solve the problem, shown in Table 6.  498 

Table 6. Different levels of the NSGA-II parameters 499 

Parameter Level 



1 2 3 𝑴𝒂𝒙𝒊𝒕 150 250 350 𝑵𝒑𝒐𝒑 100 150 200 𝑷𝑪 0.7 0.75 0.8 𝑷𝑴 0.25 0.3 0.35 

After determining the levels for the algorithm parameters using the Taguchi method and the 500 

MINITAB software, the required experiments are designed, shown in Table 7. It should be noted 501 

that each experiment is performed 10 times and their average is recorded to reduce the 502 

experimental errors. 503 

Table 7. Experiments designed by Taguchi method for the NSGA-II algorithm 504 

Max iterations Population size PC PM 

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

The indices required for setting the parameters include SNS, MID, Diversity, Spacing, and RAS, 505 

which are explained as follows. 506 

4.7.The evaluation metrics 507 

Six indices have been proposed to evaluate and analyze the performance of multi-objective 508 

optimization algorithms (Behnamian et al., 2009) These indices are explained as follows.  509 

4.7.1. Time 510 

The less run time the better performance of an algorithm.  511 

4.7.2. Mean Ideal Distance (MID) 512 

The mean of deviations of the Pareto solutions from the ideal point 𝐼𝑠𝑜𝑙 = min(𝑧1, 𝑧2)(in which the 513 

values of both objective functions are optimal or the origin of the coordinates can be considered 514 

as the ideal point for the minimization problems) is measured by MID index (Coello et al., 2007). 515 

For computing the MID value of maximizing objective function, the values of Pareto solutions are 516 

become inverse and the ideal point is considered (0). The value of MID is calculated using the 517 

following equation. 518 



            (48) 

      

where denotes the Euclidean distance between 𝑝𝑎 ℇ 𝐹(𝐴) and the ideal point. The lower 519 

MID value the better performance of an algorithm. 520 

4.7.3. Diversity  521 

The diversity index, which is computed using the following formula, measures the diameter of a 522 

space cube used by the end values of objective functions for a set of non-dominated solutions. The 523 

more diversity value the better (Heidari et al., 2020).  524 𝐷𝑀 = √(𝑚𝑎𝑥𝑓1𝑖 −𝑚𝑖𝑛𝑓1𝑖)2 + (𝑚𝑎𝑥𝑓2𝑖 −𝑚𝑖𝑛𝑓2𝑖)2                                                            (49) 525 

4.7.4. Spacing (S) 526 

The spacing index calculates the relative distance of successive solutions using the following 527 

equation. The smaller spacing index the better. 528 

𝑆 = ( 1𝑛𝑝𝑓∑ (𝑑𝑖 − �̅�)2𝑛𝑝𝑓𝑖=1 )12, 𝑤ℎ𝑒𝑟𝑒 �̅� = 1𝑛𝑝𝑓∑ 𝑑𝑖                                                                             (50)𝑛𝑝𝑓𝑖=1  529 

4.7.5. The rate of achievement to two objectives simultaneously (RAS) 530 

The value of the RAS index is calculated using the following formula (Jolai et al., 2013).  531 

𝑅𝐴𝑆 = ∑ (𝑓1𝑖 − 𝐹𝑖𝐹𝑖 ) + (𝑓2𝑖 − 𝐹𝑖𝐹𝑖 )𝑛𝑖=1 𝑛                                                                                            (51) 532 

in which, 𝐹𝑖 = 𝑚𝑖𝑛{𝑓1𝑖, 𝑓2𝑖}. The smaller RAS value the better.  533 

4.7.6. Spread of Non-Dominance Solutions (SNS) 534 

The value of the SNS index is calculated by the following equation (Jolai et al., 2013). 535 

𝑆𝑁𝑆 = √∑ (𝑀𝐼𝐷−𝑐𝑖)2𝑛𝑖=1 𝑛−1                                                                                                        (52) 536 

The higher SNS values more diversity of solutions, in other words, the better solution quality. 537 

 538 

 After ten runs, the average is reported for each test result, which can be seen in Table 8. 539 
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Table 8. The outputs of algorithm for indices 540 

Diversity Spacing MID SNS RAS 

514.351 239.6004 685.5478 163.6435 0.61473 

465.9142 304.8409 654.2415 151.5697 0.62842 

465.9142 221.7025 646.5023 146.4427 0.62842 

472.5177 262.6944 686.9998 161.6445 0.56401 

482.5536 229.7129 712.7831 146.9922 0.43207 

465.9142 218.9298 675.0498 136.1148 0.47131 

465.9142 193.3478 601.016 161.1326 0.94262 

465.9142 304.8409 654.2415 151.5697 0.62842 

465.9142 218.9298 675.0498 136.1148 0.47131 

In order to obtain an output for each experiment, all the indices are normalized using the following 541 

formulas, represented in Table 9.  542 𝑥𝑗+ → 𝑅𝑖𝑗 = rij −min(rij)max(rij) − min(rij)                                                                                          (53) 543 𝑥𝑗− → 𝑅𝑖𝑗 = max(rij) − rijmax(rij) − min(rij)                                                                                          (54) 544 

Table 9. Normalized indices 545 

Diversity Spacing MID SNS RAS 

1 0.58515 0.24368 1 0.64223 

0 0 0.52378 0.56141 0.61541 

0 0.74568 0.59303 0.37517 0.61541 

0.13633 0.37802 0.23069 0.92738 0.74157 

0.34353 0.67384 0 0.39513 1 

0 0.77055 0.33761 0 0.92314 

0 1 1 0.90879 0 

0 0 0.52378 0.56141 0.61541 

0 0.77055 0.33761 0 0.92314 

In this normalization method, the indices with a negative nature are converted into the positive 546 

indices. The indices are prioritized using Goal Programming based on their importance and a 547 

weight is considered for each index accordingly (Jolai et al., 2013; Heidari et al., 2020). Then, 548 

according to the importance weights, the total weights of the indices for each experiment are 549 

calculated using the following formula. 550 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 = √(𝑀𝐼𝐷)2 + (𝑅𝐴𝑆)2 + (𝑆𝑝𝑎𝑐𝑖𝑛𝑔)1 + (𝑆𝑁𝑆)1 + (𝑆𝑁𝑆)1+(𝐷𝑖𝑣𝑒𝑟𝑠𝑖𝑡𝑦)12           (55) 551 



According to the 𝑅𝑒𝑠𝑝𝑜𝑛𝑠𝑒 values, the 
𝑆𝑁  ratio is calculated, consequently, the levels of each 552 

parameter are determined. Finally, the output of MINITAB software is depicted in Figure 5. 553 
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Figure 5. The output of the MINITAB software (the NSGA-II parameters) 555 

The levels of the NSGA-II parameters are represented in Table 10.  556 

Table 10. The NSGA-II parameters 557 

Max iterations Population size PC PM 

350 200 0.75 0.25 

4.7.7. Parameter setting for the MOSFS algorithm 558 

Three MOSFS parameters including MaxIt (maximum iteration), 𝐷𝑖𝑓𝑓 (number of initial 559 

population), and 𝑊𝑎𝑙𝑘 (harmonic memory coefficient) must be set at their optimal levels. In this 560 

section, three levels are considered for each parameter, shown in Table 11. The same number of 561 

initial population obtained for the NSGAII algorithm is considered for the MOSFS algorithm too, 562 

which is equal to 350, and the other MOSFS parameters are tuned using the Taguchi method. 563 

Table 11. Different levels of the MOSFS parameters 564 

Parameter 
Level 

1 2 3 𝑾𝒂𝒍𝒌 1 0.25 0 𝐃𝐢𝐟𝐟 1 5 9 

Then, the necessary experiments are designed using the Taguchi method and the MINITAB 565 

software, which can be seen in Table 12.  566 



Table 12. Experiments designed by Taguchi method for the MOSFS algorithm 567 

 568 

Number of 

experiment 

𝐖𝐚𝐥𝐤 𝑫𝒊𝒇𝒇 

1 1 1 

2 1 2 

3 1 3 

4 2 1 

5 2 2 

6 2 3 

7 3 1 

8 3 2 

9 3 3 

Similar to NSGA-II, the output of MMINITAB software for the MOSFS algorithm is depicted in 569 

Figure 6. 570 
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Figure 6. The output of the MINITAB software (the MOSFS parameters) 572 

5. Computational results 573 

The proposed model was coded in a notebook system with Intel Core™ i5 processor, 4 Gb RAM, 574 

and Microsoft Windows 10 Ultimate operating system. First, the AEC method as an exact method 575 

was used through the GAMS optimization software to validate the proposed model. Then, the 576 

NSGA-II and MOSFS metaheuristic algorithms were employed through MATLAB version 2018a 577 

software to solve the large-sized problems.  578 



Therefore, an instance problem with 20 nodes, in which spatial coordinates were specified and 579 

Euclidean distances were considered, was designed and solved using the AEC method together 580 

with two NSGAII and MOSFS metaheuristic algorithms. At the first level of this problem, there 581 

are three factories with capacities of 15,000, 15,000 and 30,000 units. At the second level, there 582 

are five potential locations for establishing depots with the same capacity of 8000 units. Also, the 583 

set up cost of each depot is 150 monetary units. In addition, there are 12 customers with known 584 

demands. The transport fleet of the first echelon is heterogeneous and limited, and three different 585 

types of vehicles (one for each type) are available in each factory. The capacities of these vehicles 586 

are 7000, 14000, and 20,000 units, respectively, and the usage fixed costs of vehicles are 30, 20, 587 

and 10 monetary units, respectively. The transport fleet of the second echelon is homogenous and 588 

unlimited. The capacity of these vehicles is the same and equal to 5000 units, also, the usage fixed 589 

cost of each vehicle is 100 monetary units. The carbon dioxide emissions of all vehicles are taken 590 

from: “Environmental Reporting Guidelines: Including streamlined energy and carbon reporting 591 

guidance_March 2019” (conversion factors 2021). The parameters of the first objective function 592 

are considered as follows: 593 

 𝜔𝑒𝑚 = 0.5, 𝜔𝑒𝑑 = 0.5, 𝐽𝑂𝑘 = 50 − 100, 𝐸𝑉𝑘 = 0.5 − 0.100, 𝑢𝑟𝑘 = 0.1 − 1,  𝑟𝑑𝑘 = 0.1 − 1.  594 

The Pareto frontiers obtained by using the AEC, NSGA-II, and MOSFS are depicted in Figure 7.  595 

 



  
Figure 7. Pareto frontiers obtained by using the AEC, NSGA-II, and MOSFS 596 

The Pareto frontiers obtained by AEC, NSGA-II, and MOSFS are presented in Figure 8.  597 

 598 

Figure 8. Solution representation 599 

As shown in Figure 6, the established depots and the created routes in the first and second echelons 600 

are plotted. depots are located in four locations out of the five potential locations, and routes are 601 

originated from depots to deliver goods to customers (6 trips are started from 4 depots; two trips 602 

are started from each of depots 5 and 7 and one trip is started from each of depots 6 and 4). Taking 603 

into account the fixed cost of setting up depots as well as the fixed cost of using vehicles in the 604 

first and second echelon, the total cost is equal to 1650 monetary units, which is the highest total 605 



cost among all of the obtained Pareto solutions. Regarding the second objective function, the model 606 

chooses more vehicles with less environmental pollution so that he number of trips in both 607 

echelons is increased and the distance traveled per trip is reduced which results in reducing CO2 608 

emissions to the lowest level of 194.548 among all of the obtained Pareto solutions. With regard 609 

to the third objective function, the employment and economic development rates rise as a result of 610 

establishing four depots which lead to increasing the value of the third objective function to the 611 

maximum possible value of 17.861 among all of the obtained Pareto solutions. 612 

Then, the group of I2 problems 31 problems (the specifications of the problems are presented in 613 

Table 4) introduced by Sterle (2009) were used to compare the performance of two metaheuristic 614 

algorithms. Each problem was run 10 times for each metaheuristic algorithm and the average was 615 

reported as the final solution, the values of all the indices are shown in Table 13. 616 

Table 13. The outputs of the NSGA-II and MOSFS algorithms  617 

NSGAII   MOSFS 

  Time Diversity Spacing MID SNS RAS   Time Diversity Spacing MID SNS RAS 

1 8.64 480.71 20.71 688.1 128.11 0.289 6.65 480.71 20.71 688.14 128.11 0.289 

2 20.22 469.93 197.45 682.3 130.04 0.47 15.55 469.93 197.45 682.3 130.04 0.47 

3 49.15 630.67 41.34 718.8 155.34 0.436 37.81 630.67 41.34 718.78 155.34 0.436 

4 104.40 483.1 37.2 809.6 150.93 0.556 80.31 476.37 37.2 811.81 148.69 0.539 

5 155.83 427.55 59.24 693.8 116.4 0.573 119.87 380.27 59.24 709.91 100.31 0.436 

6 249.86 334.44 107.39 672.4 45.76 0.255 192.20 334.44 107.39 672.35 45.76 0.255 

7 380.05 492.08 37.1 770.4 125.61 0.269 292.35 492.08 37.1 770.44 125.61 0.269 

8 606.11 598.96 15.69 686.6 189.13 0.293 466.24 719.91 46.85 705.97 211.52 0.358 

9 711.63 574.72 27.61 718.4 146.86 0.374 547.41 574.72 27.61 718.41 146.86 0.374 

10 953.49 441.62 44.84 686.1 93.72 0.128 733.45 435.36 40.34 697.88 105.36 0.154 

AV_S 323.94 493.378 58.857 712.65 128.19 0.3643 249.18 499.446 61.523 717.599 129.76 0.358 

11 1325.70 500.37 38.25 582.9 112.18 0.333 946.93 500.37 38.25 582.88 112.18 0.333 

12 1755.71 375.56 4.04 607.6 105.32 0.314 1254.08 353.16 233.25 569.2 94.34 0.392 

13 2130.07 696.97 40.64 744.2 209.16 0.38 1521.48 683.85 21.42 681.59 187.85 0.214 

14 2790.30 411.17 22.56 589 120.59 0.188 1993.07 590.12 28.43 655.64 164.75 0.213 

15 3073.17 576.4 16.9 699.6 158.82 0.188 2195.12 594.25 14.7 675.41 166.76 0.188 

16 3565.32 446.43 155.6 556.6 70.48 0.199 2546.66 446.43 155.6 556.61 70.48 0.199 

17 4988.76 479.42 12.93 629 154.46 0.242 3563.40 520.31 22.81 570.58 148.94 0.248 

18 5791.34 564.88 178.99 587.8 114.61 0.205 4136.67 677.86 143.19 529.04 154.46 0.185 

19 6749.13 533.65 58.93 562.5 112.07 0.341 4820.81 640.38 47.14 506.28 123.28 0.306 

20 7706.92 742.3 53.97 757.1 209.13 0.453 5504.94 742.3 43.17 681.38 230.05 0.407 

AV_M 3987.64 532.715 58.281 631.63 136.682 0.2843   2848.32 574.903 74.796 600.861 145.31 0.2685 

21 9248.30 750.555 87.975 757.77 201.92 0.4329   7156.42 850.629 68.85 641.168 258.01 0.3663 

22 10305.25 563.34 9.292 789.88 189.58 0.4082   8587.71 600.372 419.85 626.12 216.98 0.4312 

23 11164.02 1045.46 93.472 967.46 376.49 0.494   9303.35 1162.55 38.556 749.749 432.06 0.2354 



24 13396.82 616.755 51.888 765.7 217.06 0.2444   11164.02 1003.2 51.174 721.204 378.93 0.2343 

25 14513.22 864.6 38.87 909.48 285.88 0.2444   12094.35 1010.23 26.46 742.951 383.55 0.2068 

26 17415.87 669.645 357.88 723.58 126.86 0.2587   14513.22 758.931 280.08 612.271 162.1 0.2189 

27 18867.19 719.13 29.739 817.7 278.03 0.3146   15722.66 884.527 41.058 627.638 342.56 0.2728 

28 22640.63 847.32 411.68 764.14 206.3 0.2665   18867.19 1152.36 257.742 581.944 355.26 0.2035 

29 24527.35 800.475 135.54 731.25 201.73 0.4433   20439.46 1088.65 84.852 556.908 283.54 0.3366 

30 29432.82 1113.45 124.13 984.23 376.43 0.5889   24527.35 1261.91 77.706 749.518 529.12 0.4477 

31 31885.55 1426.43 112.72 1237.2 551.14 0.7345   26571.29 1435.17 70.56 942.128 774.69 0.5588 

AV_L 18490.64 856.105 132.11 858.95 273.77 0.40276   15358.82 1018.96 128.808 686.509 374.25 0.3193 

AV_T 7600.74 627.399 83.082 734.41 179.55 0.35045   6152.11 697.769 88.3757 668.323 216.44 0.3153 

5.1.Comparison of the performance of algorithms  618 

Now, the performance of NSGA-II and MOSFS algorithms are analyzed in terms of 619 

aforementioned indices.  620 

5.1.1. Time 621 

Figure 9 displays the computational time of algorithms for each problem. The comparison diagram 622 

demonstrates that the solution time of the MOSFS algorithm is less than the solution time of 623 

NSGAII algorithm. As a result, the MOSFS algorithm performs better in terms of run time index. 624 

 625 

Figure 9. Comparing the Run time of NSGA-II and MOSFS  626 

5.1.2. Mean Ideal Distance (MID) 627 

The less MID value, the better performance of the algorithm. Figure 10 indicates that MOSFS 628 

outperforms NSGA-II based on the MID index.  629 

0.00

5000.00

10000.00

15000.00

20000.00

25000.00

30000.00

35000.00

1 3 5 7 9 11 13 15 17 19 21 23 25 27 29 31

T
im

e
(s

)

Problem

NSGA_II(Time)

MOSFS(Time)



 630 

Figure 10. Comparing the MID value of NSGA-II and MOSFS  631 

5.1.3. Diversity  632 

The more diversity value the better. Therefore, the MOSFS algorithm performs better in terms of 633 

this measure, displayed in Figure 11.  634 

 635 

Figure 11. Comparing the diversity value of NSGA-II and MOSFS 636 

5.1.4. Spacing  637 

As can be seen in Figure 12, in some problems, the MOSFS algorithm performs better, however, 638 

the NSGA-II algorithm outperforms in some other problems.  639 
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 640 

Figure 12. Comparing the spacing value of NSGA-II and MOSFS 641 

5.1.5. The rate of achievement to two objectives simultaneously (RAS) 642 

The less RAS value the better. According to Figure 13, the MOSFS algorithm has a better 643 

performance based on the RAS index.  644 

 645 

Figure 13. Comparing the RAS value of NSGA-II and MOSFS 646 

5.1.6. Spread of Non-Dominance Solutions (SNS) 647 

The more SNS value the better. As can be seen in Figure 14, there is not considerable difference 648 

between the two algorithms for small and medium size problems, however the performance of the 649 

MOSFS algorithm is better for the larger problems.  650 
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 651 

Figure 13. Comparing the SNS value of NSGA-II and MOSFS 652 

It can be concluded from the above figures that there is no considerable difference for small size 653 

problems between the two algorithms. However, as the size of the problem increases, this 654 

difference increases significantly and the MOSFS algorithm performed better.  For example, based 655 

on the time index, as the problem size increases, the computational time for both algorithms 656 

increases, but the run time of the MOSFS algorithm increases with a slighter slope than the 657 

NSGAII algorithm. As can be seen in Table 13, for the small-sized problems, the NSGA-II 658 

algorithm outperforms the MOSFS algorithm in terms of time, diversity, RAS, and SNS indices. 659 

For the medium-sized problems, the NSGA-II algorithm performs better based on the spacing 660 

index only, and the MOSFS algorithm outperforms in terms of the other five indices. Finally, for 661 

the large-sized problems, the MOSFS algorithm outperforms in terms of all six indices of time, 662 

MID, diversity, spacing, RAS, and SNS. In general, the NSGAII algorithm performed better only 663 

in terms of the spacing index and the MOSFS algorithm outperforms in terms of time, MID, 664 

diversity, RAS, and SNS indices.  665 

 666 

6. Conclusion  667 

During the decades, governments have paid a lot of attention the increase of economic growth and 668 

employment rate. On the other hand, economic and population growth, and technological 669 

advancement have had significant detrimental impacts on the environment and natural resources. 670 

Therefore, sustainable development based on three main aspects including economy, environment, 671 

and social responsibility plays a crucial role in the performance of supply chains. Nowadays, many 672 

transportation operations of the supply chains are performed by logistic companies. The concept 673 
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of open routing has been introduced due to the limited number of available vehicles in a logistic 674 

company as a percentage of transportation activities are performed by a logistic firm.  675 

For this purpose, in this paper, both open and closed routes were taken into account in the 676 

sustainable two-echelon location-routing problem. The combination of closed and open routes in 677 

a sustainable two-echelon location-routing problem can be mentioned as the main contribution of 678 

the proposed model. A multi-objective mixed integer linear programming (MILP) model including 679 

minimization of costs and CO2 emissions and maximization of social responsibility (creating job 680 

opportunities and community development) was developed for the problem in hand. It should be 681 

noted that optimizing the three objectives of the problem is not possible as these objectives are in 682 

conflict with each other. The first (cost) objective function of the model seeks to minimize the total 683 

costs by reducing the use of vehicles through reducing the number of transportation routes in the 684 

two-echelon distribution network (due to the incurred fixed cost of transportation per vehicle) and 685 

increasing the allowable load of vehicles. On the other hand, the second (environment) objective 686 

function of the model attempts to minimize the CO2 emissions by increasing the number of 687 

vehicles and lowering their loads (the amount of CO2 emissions is directly related to the amount 688 

of loading). In addition, the third (social responsibility) objective function of the model tries to 689 

increase job opportunities and economic growth by establishing more facilities. If the decision-690 

makers concentrate on increasing social responsibility and reducing pollution, the first (cost) 691 

objective function increases significantly increases. Therefore, a trade-off solution should be 692 

provided for all of the three aspects of sustainability.  693 

First, a small-sized problem was designed to validate the proposed multi-objective model. The 694 

model was solved using the exact AEC method together with two metaheuristic NSGA-II and 695 

MOSFS algorithms. Due to the NP-Hardness of the problem, the metaheuristic algorithms named 696 

NSGA-II and MOSFS were exploited through the MATLAB software to solve the large size 697 

problems and obtain the Pareto solutions. The results showed that the MOSFS algorithm obtained 698 

better Pareto frontier in terms of six indices. As some suggestions for future research, it is 699 

recommended to consider time dependencies and time windows for customers. Also, the reverse 700 

routes may be considered in the model. Moreover, customers can be categorized based on their 701 

consumption attitudes.  702 

 703 

References 704 

Amiri, M., Amin, S. H., & Tavakkoli-Moghaddam, R. (2019). A Lagrangean decomposition approach for 705 

a novel two-echelon node-based location-routing problem in an offshore oil and gas supply chain. 706 

Transportation Research Part E: Logistics and Transportation Review, 128, 96–114. 707 

https://doi.org/10.1016/j.tre.2019.05.014 708 

Babaee, E., Abbasian, P., & Weber, G. (2020). Since January 2020 Elsevier has created a COVID-19 709 

resource centre with free information in English and Mandarin on the novel coronavirus COVID- 710 

19 . January. 711 



Behnamian, J., Ghomi, S. M. T. F., & Zandieh, M. (2009). Expert Systems with Applications A multi-712 

phase covering Pareto-optimal front method to multi-objective scheduling in a realistic hybrid 713 

flowshop using a hybrid metaheuristic. Expert Systems With Applications, 36(8), 11057–11069. 714 

https://doi.org/10.1016/j.eswa.2009.02.080 715 

Biuki, M., Kazemi, A., & Alinezhad, A. (2020). An integrated location-routing-inventory model for 716 

sustainable design of a perishable products supply chain network. Journal of Cleaner Production, 717 

260. https://doi.org/10.1016/j.jclepro.2020.120842 718 

Chen, Y. J. (2013). Environmental Sustainability and Green Supply Chain Management. In Advanced 719 

Materials Research (Vol. 664, Issue 1, pp. 123–128). https://doi.org/10.1002/bse.557 720 

Coello, C. A. C., Lamont, G. B., & Veldhuizen, D. A. Van. (2007). Evolutionary Algorithms for Solving 721 

Multi-Objective Problems Second Edition. 722 

Crainic, T. G., Mancini, S., Perboli, G., & Tadei, R. (2011). Multi-start heuristics for the two-Echelon 723 

vehicle routing problem. Lecture Notes in Computer Science (Including Subseries Lecture Notes in 724 

Artificial Intelligence and Lecture Notes in Bioinformatics), 6622 LNCS, 179–190. 725 

https://doi.org/10.1007/978-3-642-20364-0_16 726 

Darvish, M., Archetti, C., Coelho, L. C., & Speranza, M. G. (2019). Flexible two-echelon location routing 727 

problem. In European Journal of Operational Research (Vol. 277, Issue 3). 728 

https://doi.org/10.1016/j.ejor.2019.04.002 729 

Ebrahimi, S. B. (2018). A stochastic multi-objective location-allocation-routing problem for tire supply 730 

chain considering sustainability aspects and quantity discounts. Journal of Cleaner Production, 198, 731 

704–720. https://doi.org/10.1016/j.jclepro.2018.07.059 732 

Eskandarpour, M., Dejax, P., Miemczyk, J., & Péton, O. (2015). Sustainable supply chain network 733 

design : Omega, 54, 11–32. https://doi.org/10.1016/j.omega.2015.01.006 734 

Fleszar, K., Osman, I. H., & Hindi, K. S. (2009). A variable neighbourhood search algorithm for the open 735 

vehicle routing problem. European Journal of Operational Research, 195(3), 803–809. 736 

https://doi.org/10.1016/j.ejor.2007.06.064 737 

Gao, J. C. X. W. B. L. and J., & 1Institute. (2020). Cictp 2020 1366. The Location-Routing Problem: A 738 

Review Jinxin, 1366–1377. 739 

Heidari, A., Imani, D. M., & Khalilzadeh, M. (2020). A hub location model in the sustainable supply 740 

chain considering customer segmentation. Journal of Engineering, Design and Technology. 741 

https://doi.org/10.1108/JEDT-07-2020-0279 742 

Jacobsen, S. K., & Madsen, O. B. G. (1980). A comparative study of heuristics for a two-level routing-743 

location problem. European Journal of Operational Research, 5(6), 378–387. 744 

https://doi.org/10.1016/0377-2217(80)90124-1 745 

Jolai, F., Asefi, H., Rabiee, M., & Ramezani, P. (2013). Bi-objective simulated annealing approaches for 746 

no-wait two-stage flexible flow shop scheduling problem. Scientia Iranica, 20(3), 861–872. 747 

https://doi.org/10.1016/j.scient.2012.10.044 748 

Khalilpourazari, S., Naderi, B., & Khalilpourazary, S. (2020). Multi-Objective Stochastic Fractal Search: 749 

a powerful algorithm for solving complex multi-objective optimization problems. Soft Computing, 750 

24(4), 3037–3066. https://doi.org/10.1007/s00500-019-04080-6 751 

Kumar, K., Roy, S., & Davim, J. P. (2000). Multi-Objective Optimization Using Non-Dominated Sorting 752 

Genetic Algorithm. Soft Computing Techniques for Engineering Optimization, 2(3), 97–103. 753 



https://doi.org/10.1201/9780429053641-9 754 

Lin, J. R., & Lei, H. C. (2009). Distribution systems design with two-level routing considerations. Annals 755 

of Operations Research, 172(1), 329–347. https://doi.org/10.1007/s10479-009-0628-y 756 

Liu, A., Zhu, Q., Xu, L., Lu, Q., & Fan, Y. (2021). Sustainable supply chain management for perishable 757 

products in emerging markets: An integrated location-inventory-routing model. Transportation 758 

Research Part E: Logistics and Transportation Review, 150(April), 1–19. 759 

https://doi.org/10.1016/j.tre.2021.102319 760 

Liu, M., & Liu, X. (2019). Sustainable location routing problem with customers and suppliers matching 761 

under stochastic demands. Proceedings of the 2019 International Conference on Industrial 762 

Engineering and Systems Management, IESM 2019, 2, 1–6. 763 

https://doi.org/10.1109/IESM45758.2019.8948084 764 

Liu, R., & Jiang, Z. (2012). The close-open mixed vehicle routing problem. European Journal of 765 

Operational Research, 220(2), 349–360. https://doi.org/10.1016/j.ejor.2012.01.061 766 

Lu, Y., Lang, M., Yu, X., & Li, S. (2019). A sustainable multimodal transport system: The two-echelon 767 

location-routing problem with consolidation in the Euro-China expressway. Sustainability 768 

(Switzerland), 11(19), 1–25. https://doi.org/10.3390/su11195486 769 

Madani, S. R., & Rasti-Barzoki, M. (2017). Sustainable supply chain management with pricing, greening 770 

and governmental tariffs determining strategies: A game-theoretic approach. Computers and 771 

Industrial Engineering, 105, 287–298. https://doi.org/10.1016/j.cie.2017.01.017 772 

Mahmoodirad, A. (2021). Multi-Objective Location-Allocation-Routing Problem of Perishable Multi-773 

Product Supply Chain With Direct Shipment and Open Routing Possibilities Under Sustainability. 774 

Martínez-Salazar, I. A., Molina, J., Ángel-Bello, F., Gómez, T., & Caballero, R. (2014). Solving a bi-775 

objective transportation location routing problem by metaheuristic algorithms. European Journal of 776 

Operational Research, 234(1), 25–36. https://doi.org/10.1016/j.ejor.2013.09.008 777 

Masoudipour, E., Jafari, A., Amirian, H., & Sahraeian, R. (2020). A novel transportation location routing 778 

network for the sustainable closed-loop supply chain considering the quality of returns. Journal of 779 

Remanufacturing, 10(2), 79–106. https://doi.org/10.1007/s13243-019-00075-6 780 

Mavrotas, G. (2009). Effective implementation of the e -constraint method in Multi-Objective 781 

Mathematical Programming problems. Applied Mathematics and Computation, 213(2), 455–465. 782 

https://doi.org/10.1016/j.amc.2009.03.037 783 

Melo, M. T., Nickel, S., & Saldanha-da-Gama, F. (2009). Facility location and supply chain management 784 

- A review. European Journal of Operational Research, 196(2), 401–412. 785 

https://doi.org/10.1016/j.ejor.2008.05.007 786 

Navazi, F., Sedaghat, A., & Tavakkoli-Moghaddam, R. (2019). A new sustainable location-routing 787 

problem with simultaneous pickup and delivery by two-compartment vehicles for a perishable 788 

product considering circular economy. IFAC-PapersOnLine, 52(13), 790–795. 789 

https://doi.org/10.1016/j.ifacol.2019.11.212 790 

Navazi, Fatemeh, Tavakkoli-Moghaddam, R., Sazvar, Z., & Memari, P. (2019). Sustainable design for a 791 

bi-level transportation-location-vehicle routing scheduling problem in a perishable product supply 792 

chain. In Studies in Computational Intelligence (Vol. 803). Springer International Publishing. 793 

https://doi.org/10.1007/978-3-030-03003-2_24 794 

Nekooghadirli, N., Tavakkoli-Moghaddam, R., Ghezavati, V. R., & Javanmard, S. (2014). Solving a new 795 



bi-objective location-routing-inventory problem in a distribution network by meta-heuristics. 796 

Computers and Industrial Engineering, 76(1), 204–221. https://doi.org/10.1016/j.cie.2014.08.004 797 

Nguyen, V. P., Prins, C., & Prodhon, C. (2012). Solving the two-echelon location routing problem by a 798 

GRASP reinforced by a learning process and path relinking. European Journal of Operational 799 

Research, 216(1), 113–126. https://doi.org/10.1016/j.ejor.2011.07.030 800 

Osmani, A., & Zhang, J. (2017). Multi-period stochastic optimization of a sustainable multi-feedstock 801 

second generation bioethanol supply chain − A logistic case study in Midwestern United States. 802 

Land Use Policy, 61, 420–450. https://doi.org/10.1016/j.landusepol.2016.10.028 803 

Ouhader, H., & El kyal, M. (2017). Combining Facility Location and Routing Decisions in Sustainable 804 

Urban Freight Distribution under Horizontal Collaboration: How Can Shippers Be Benefited? 805 

Mathematical Problems in Engineering, 2017. https://doi.org/10.1155/2017/8687515 806 

Pichka, K., Bajgiran, A. H., Petering, M. E. H., Jang, J., & Yue, X. (2018). The two echelon open location 807 

routing problem: Mathematical model and hybrid heuristic. Computers and Industrial Engineering, 808 

121(May), 97–112. https://doi.org/10.1016/j.cie.2018.05.010 809 

Pishvaee, M. S., Razmi, J., & Torabi, S. A. (2012). Robust possibilistic programming for socially 810 

responsible supply chain network design : A new approach. Fuzzy Sets and Systems, 206, 1–20. 811 

https://doi.org/10.1016/j.fss.2012.04.010 812 

Pishvaee, M. S., Razmi, J., & Torabi, S. A. (2014). An accelerated Benders decomposition algorithm for 813 

sustainable supply chain network design under uncertainty: A case study of medical needle and 814 

syringe supply chain. Transportation Research Part E: Logistics and Transportation Review, 67, 815 

14–38. https://doi.org/10.1016/j.tre.2014.04.001 816 

Prodhon, C., & Prins, C. (2014). A survey of recent research on location-routing problems. European 817 

Journal of Operational Research, 238(1), 1–17. https://doi.org/10.1016/j.ejor.2014.01.005 818 

Rahmani, Y., Ramdane, W., Oulamara, A., Rahmani, Y., Ramdane, W., & Location-, A. O. T. T. M. 819 

(2014). problem with Pickup and Delivery : Formulation and heuristic approaches To cite this 820 

version : HAL Id : hal-01088960 The Two-Echelon Multi-products Location-Routing problem with. 821 

Repoussis, P. P., Tarantilis, C. D., Bräysy, O., & Ioannou, G. (2010). A hybrid evolution strategy for the 822 

open vehicle routing problem. Computers and Operations Research, 37(3), 443–455. 823 

https://doi.org/10.1016/j.cor.2008.11.003 824 

Salhi, S., & Rand, G. K. (1989). The effect of ignoring routes when locating depots. European Journal of 825 

Operational Research, 39(2), 150–156. https://doi.org/10.1016/0377-2217(89)90188-4 826 

Salimi, H. (2015). Stochastic Fractal Search: A powerful metaheuristic algorithm. Knowledge-Based 827 

Systems, 75(July), 1–18. https://doi.org/10.1016/j.knosys.2014.07.025 828 

Seuring, S. (2013). A review of modeling approaches for sustainable supply chain management. Decision 829 

Support Systems and Electronic Commerce, 54(4), 1513–1520. 830 

Seyedhosseini, S. M., Bozorgi-Amiri, A., & Daraei, S. (2014). An Integrated Location-Routing-Inventory 831 

Problem by Considering Supply Disruption. IBusiness, 06(02), 29–37. 832 

https://doi.org/10.4236/ib.2014.62004 833 

Srivastava, S. K. (2007). Green supply‐chain management: a state‐of‐the‐art literature review. 834 

International Journal of Management Reviews, 9(1), 53–80. 835 

Sterle, C. (2009). Location-Routing models and methods for Freight Distribution and Infomobility in City 836 



Logistics. 837 

Tang, J., Ji, S., & Jiang, L. (2016). The design of a sustainable location-routing-inventory model 838 

considering consumer environmental behavior. Sustainability (Switzerland), 8(3). 839 

https://doi.org/10.3390/su8030211 840 

Vidović, M., Ratković, B., Bjelić, N., & Popović, D. (2016). A two-echelon location-routing model for 841 

designing recycling logistics networks with profit: MILP and heuristic approach. Expert Systems 842 

with Applications, 51, 34–48. https://doi.org/10.1016/j.eswa.2015.12.029 843 

Yu, V. F., & Lin, S. Y. (2015). A simulated annealing heuristic for the open location-routing problem. 844 

Computers and Operations Research, 62, 184–196. https://doi.org/10.1016/j.cor.2014.10.009 845 

Zandkarimkhani, S., Nasiri, M. M., & Heydari, J. (2020). Sustainable open-loop supply chain network 846 

design considering location routing problem: A hybrid approach based on FAHP, FTOPSIS, and 847 

mathematical programming. International Journal of Logistics Systems and Management, 36(1), 848 

92–123. https://doi.org/10.1504/IJLSM.2020.107229 849 

Zhang, B., Li, H., Li, S., & Peng, J. (2018). Sustainable multi-depot emergency facilities location-routing 850 

problem with uncertain information. Applied Mathematics and Computation, 333, 506–520. 851 

https://doi.org/10.1016/j.amc.2018.03.071 852 

Zhao, Q., Wang, W., & De Souza, R. (2018). A heterogeneous fleet two-echelon capacitated location-853 

routing model for joint delivery arising in city logistics. International Journal of Production 854 

Research, 56(15), 5062–5080. https://doi.org/10.1080/00207543.2017.1401235 855 

Zhu, Z., Chu, F., & Sun, L. (2010). The capacitated plant location problem with customers and suppliers 856 

matching. Transportation Research Part E: Logistics and Transportation Review, 46(3), 469–480. 857 

https://doi.org/10.1016/j.tre.2009.09.002 858 

 859 

 860 


