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Abstract: 

In this research, we aim to address the gaps in past studies by presenting a data-driven network 

design model for the distribution of edible oils, a critical sector with unique chemical and 

logistical challenges. This model begins with a thorough analysis of customer demand and the 

specific requirements of edible oils (e.g., perishability, storage conditions, and transportation 

constraints) using data mining and machine learning tools. Based on the insights gained from 

analyzing customer behavior, the demand amounts across different geographical areas and their 

changing patterns will be identified and used as inputs for the network design model. For this 

purpose, the KNN method will be employed for data classification and analysis, and customer 

demand will be estimated for network design using new dimensions. Subsequently, taking into 

account real-world constraints and obstacles, a new mathematical model will be developed with 

environmental considerations. It is worth noting that during the modeling phase, in addition to 

optimizing the number, location, and capacity of facilities and flow in the network, the 

optimization of fleet type and its composition will also be addressed. Finally, to solve the 

model, the multi-objective nature of the problem will first be addressed using the e-constraint 

method. Then, considering the model's dimensions and complexities, an appropriate solution 

method will be proposed, and the model will be solved using real data from the Bonakchi 

company, extracting management insights. 
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1. Introduction 

In recent years, researchers and scientific institutions have 

increasingly focused on the design of distribution 

networks. Recently, reputable sources in supply chain 

management and distribution systems have addressed the 

design of these networks, as they play a significant role in 

delivering products, services, and overall responsiveness 

to customer needs [1]. Various factors influence the 

design of distribution networks and systems, including 

demand variations, demand density, transportation costs, 

distribution structure, and uncertainty [2]. 

The design of distribution networks becomes even more 

critical when handling chemically sensitive products, such 

as edible oils, which require specialized logistics due to 

their perishability, temperature sensitivity, and 

susceptibility to oxidation. Recent advancements in food 

science, such as the encapsulation of oils in nano capsules 

(e.g., using polycaprolactone or triblock copolymers [3], 

further complicate supply chain demands. These 

innovations, while enhancing product shelf-life, introduce 

new constraints—such as controlled storage conditions 

and fragile transportation requirements—that must be 

addressed in network design [4]. For instance, nano-

capsule-based oils may require stricter temperature 

controls or reduced transit times to maintain structural 

integrity. This study bridges this gap by proposing a data-

driven distribution model that explicitly accounts for the 

chemical and physical properties of edible oils, ensuring 

both operational efficiency and product quality [5]. 

The necessity of creating a distribution system using data 

mining tools is of great importance. With the increasing 

volume and diversity of data in today’s world, utilizing 

data mining tools to analyze data and extract patterns and 

useful information has become essential [6]. By 

establishing a distribution system that incorporates data 

mining tools, significant improvements can be made in 

system performance and optimization of distribution 

processes. By analyzing demand data, buyer patterns, 

customer behaviors, and other related parameters, more 

accurate planning of goods and services distribution can 

be achieved, which enhances strategic decision-making 

processes in distribution [7]. Specifically, the use of data 

mining tools in distribution systems can lead to the 

optimization of warehouses, route scheduling, inventory 

management, demand forecasting, and greater resource 

efficiency. These tools can analyze precise data and 

employ various algorithms to enhance the efficiency and 

performance of distribution systems, thereby increasing 

customer satisfaction and reducing costs in the 

distribution chain [8]. The necessity of creating an 

integrated and responsive distribution system to demand 

data has been well understood, especially in light of the 

pandemic context and the disruptions that have occurred 

in distribution and supply systems. Furthermore, with the 

decline of vertical integration in supply chains and their 

globalization, unexpected events in any part of the chain 

can have widespread impacts [9]. 

In the literature on the design of distribution systems, 

adequate attention has not been given to the important 

discussion of demand patterns and the optimal location of 

facilities and equipment based on demand patterns and 

density. Considering these factors not only increases the 

system's flexibility but also reduces logistical and 

transportation costs, improving the distribution process. 

The optimization of transportation fleets in a distribution 

system is extremely important, especially when there are 

many products and customers [10]. Optimizing the 

transportation fleet can help achieve the following goals: 

-  Cost Reduction: By optimizing the transportation 

fleet, costs related to fuel, labor, maintenance, and 

repairs can be reduced, leading to increased 

efficiency. 

-  Reduced Delivery Time: By optimizing routes and 

transport scheduling, the delivery time of goods to 

customers can be shortened, thereby improving 

service levels. 

-  Improved Inventory Management: With the 

optimization of the transportation fleet, inventory 

levels can be optimized, reducing the need for large 

and additional warehouses. 

-  Reduced Environmental Pollution: By optimizing the 

transportation fleet and utilizing sustainable transport 

methods, environmental pollution can be decreased, 

contributing to the preservation of the environment. 

Therefore, using modern technologies such as Geographic 

Information Systems (GIS), fleet type optimization, fleet 

capacity utilization optimization, route optimization, 

transport automation, and artificial intelligence can be 

very effective in optimizing transport fleets and 

improving distribution system performance [11]. In most 

network design models, the focus has been on the 

strategic location of facilities based on minimizing supply 

chain costs, but important factors such as demand 

patterns, density, and changes in customer behavior have 

been overlooked.  

Thus, these factors need to be taken into account in the 

design of distribution systems to create a responsive 

system capable of providing better services to customers. 

For this reason, concurrently considering demand patterns 

and optimizing fleet composition can significantly bridge 

gaps in the literature and help design and deliver a system 

that is highly responsive and capable of serving more 

customers. The goal of this issue is to optimize 

performance by presenting a new design model. The use 

of location concepts, communication optimization, and 

transport fleet optimization in the proposed model will be 

effective and contribute to the creation of the final model. 

The objectives of the research can be summarized as 

follows: 
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▪ Providing an optimization model that considers 

demand variations, customer behaviors, and existing 

uncertainties. 

▪ Designing and configuring a data-driven distribution 

system. 

▪ Optimizing the transport fleet in the proposed 

distribution system. 

The proposed model represents a multi-product, multi-

period supply chain network. The envisioned network 

includes various centers and different layers. In this 

network, the flow of goods or items is initiated by 

customer orders in different cities. The flow formation 

starts from the beginning of the network and the points of 

receiving goods, continuing to the end of the network and 

the points of delivering goods. This research aims to 

address the gaps and new challenges highlighted in the 

existing foundational models in the literature and to 

model the issue effectively. 

The article is organized as follows: Section 2 reviews the 

current literature on network design problems. In the 

Section 3, the proposed model is presented, followed by 

the Section 4, where the mathematical model is solved 

and determined various options. To illustrate the model 

application, a real case problem is implemented in Section 

5. Finally, the results and outline directions for future 

research is discussed in Section 6. 

2. Literature Review 

To understand the literature on the subject and to conduct 

a thorough review of previous research, it is essential to 

briefly introduce and present the most significant and 

relevant studies conducted in this field. This section will 

address those studies. 

Perl and Sirisoponsilp [12] conducted the first research on 

the integration of mixed decision-making models for 

location and transportation. Unlike the initial article, its 

validation was performed through numerical testing. 

Another notable contribution in this area is the work by 

Jayaraman [2], who examined the equilibrium between 

location, inventory, and transportation decisions in 

distribution network design. Barahona and Jensen [13] 

addressed the three-level location problem with 

deterministic demand. In this problem, the capacities of 

distribution centers and factories are unlimited, and the 

order quantities are infinite; additionally, the product flow 

is multi-product. Gabor and van Ommeren [14] studied a 

location problem in a distribution network with inventory 

review policies in 2006. The objective function included 

costs such as ordering, operations inside facilities, and 

transportation. Melo, Nickel [15] also conducted a study 

in 2006 focusing on the performance of a dynamic 

location model that encompasses various aspects, 

including the structure of the distribution network, 

inventory management, dynamic facility reassignment, 

and future study opportunities. While prior studies have 

extensively explored generic distribution networks, few 

address the logistical complexities of chemically sensitive 

products like edible oils. For example, research on 

nanocapsule-encapsulated oils (e.g.,[16]) highlights the 

need for precise environmental controls during storage 

and transit to prevent degradation. Later on, Snyder, 

Daskin [17] examined a distribution network with a 

continuous inventory review policy, where facility 

capacities are unlimited, and demand is uncertain with 

indefinite inventory levels. This study aimed at 

minimizing distribution network costs.  Then, Tanonkou, 

Benyoucef [18] and Tang, Yang [19] investigated facility 

capacities and order quantities. [20] examined a supply 

chain that includes distribution centers and customers 

with uncertain demand. The goal of this chain was to 

minimize total costs. In this issue, distribution center 

capacity is unlimited, while order quantity is limited, and 

inventory policy is evaluated. 

The article by Bogataj, Grubbström [21] presents a 

continuous inventory review policy, and other 

assumptions and costs are similar to those in the work of 

Chen, Li [22]. However, the main difference between 

these two articles lies in the method of calculating 

transportation costs. Jha, Somani [23] addressed the 

location problem without considering inventory policies 

and with limited capacity facilities. In this case, the 

demand is deterministic, and the focus is on multi-product 

flow, with the goal of minimizing location and 

transportation costs. The article by Berman, Krass [24] 

discussed decision-making regarding the locations of 

distribution centers, retailer allocation, inventory levels, 

and the time intervals for inventory reviews in a two-level 

supply chain. This issue was modeled using mixed-integer 

nonlinear programming and solved using the Lagrangian 

relaxation method. The article by Diabat, Battaïa [25] 

considered location, order allocation, and inventory 

decisions with the aim of minimizing total inventory, 

transportation, ordering, and facility costs. This issue 

involves a manufacturer, distribution centers, and 

retailers, determining the locations of the distribution 

centers. The flow is single-product, and demand is 

deterministic. Ahmadi-Javid and Hoseinpour [26] 

presented a location problem aimed at maximizing the 

revenue of a distribution network in a supply chain with 

price-sensitive demand and multi-product flow. This issue 

was modeled using mixed-integer nonlinear programming 

and solved using Lagrangian relaxation for both limited 

and unlimited capacity scenarios. 

Gzara, Nematollahi [27] examined a comprehensive 

decision-making model involving two sets of decisions. 

The first set includes strategic decisions regarding the 

location of distribution centers and their allocation to 

customers, while the second set pertains to tactical and 

operational decisions about inventory levels at each 

distribution center. These two sets of decisions are used to 
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address the problem simultaneously, contrasting with past 

approaches where they were treated separately. The 

primary goal of this model is to minimize total costs, 

including opening distribution centers, transportation, and 

inventory holding costs. The article by Shahabi, 

Unnikrishnan [28] studied a three-level inventory location 

problem concerning the relationship between demand. 

Decisions examined include the location of factories and 

wholesalers, the allocation of wholesalers to factories, and 

retailers to wholesalers, with an evaluation of safety stock 

levels and inventory held at each wholesaler. 

Regarding urban rapid service systems, vehicle capacities 

and hub capacity have been examined Wu, Qureshi [29]. 

To reduce costs, routing and location-inventory problems 

in a three-level supply chain for perishable products in 

China have been analyzed through a mixed-integer linear 

programming (MILP) model; however, service levels 

were not considered in this model [30]. 

Furthermore, for waste management in a two-level supply 

chain, Caramia and Pizzari [31] addressed the location-

allocation problem. Subsequently, Fahimi and colleagues 

utilized a mixed-integer nonlinear programming (MINLP) 

model to study location-allocation facility problems in a 

supply chain to reduce costs for perishable products. 

Other research has addressed location-allocation issues in 

various fields, including disaster response, healthcare, 

food supply chains, and facilities location planning. For 

example, Fahmy, Zaki [32] proposed a model for 

designing emergency medical service networks including 

multiple facility locations and multi-transportation modes. 

Additionally, Hasani Goodarzi, Zegordi [33] explored the 

location of transit warehouses through a MINLP model in 

an automotive company in the Middle East. Behnamian, 

Fatemi Ghomi [34] studied the location problem 

regarding the allocation and routing of trucks at multiple 

terminals with the goal of cost reduction; however, their 

two-stage model did not consider time windows for 

delivering goods to customers. Simultaneously, 

Theophilus, Dulebenets [35] addressed truck planning in a 

transit warehouse related to a cold chain to minimize 

costs, yet did not account for temporary storage capacity 

limitations in their proposed model. 

Vincent, Aloina [36] examined the simultaneous 

collection and delivery of goods to minimize total travel 

costs and penalties imposed on drivers, utilizing a mixed-

integer linear programming model. In conjunction with 

this, to reduce costs of transferring goods between 

distribution centers, the location-allocation and routing 

problem considering simultaneous collection and delivery 

of products has been studied [37]. Moreover, the issue of 

green location and routing, accounting for budget 

constraints and simultaneous collection and delivery of 

products, aims to reduce the loss of time and total 

network costs [38].  

Additionally, Shi, Lin [39] investigated the simultaneous 

collection and delivery of medical supplies via drones 

during the COVID-19 pandemic to expedite delivery 

times and reduce patient contact. Concurrently, Hosseini-

Motlagh, Farahmand [40] researched vehicle routing to 

cover traffic and optimize speed on each route while 

considering simultaneous collection and delivery of 

products. Lastly, a precise algorithm for the problem of 

optimizing vehicles for simultaneous collection and 

delivery is proposed by Che and Zhang [41], Parilina, 

Yao [42] where customer demands for collection are 

assumed to be random. 

In this research, an effort has been made to draw insights 

from the existing literature, particularly the studies by 

Jayaraman [43], Yang, Ng [44], and Ağralı, Geunes [45], 

which were among the first to focus on distribution 

network design. The main characteristics and key issues 

of distribution network design have been understood, and 

then based on the research conducted by Selim and 

Ozkarahan [46], Maihami, Kannan [47] the changes in 

customer behavior and demand pattern analysis were 

taken into account. Initially, the application of data 

mining tools for demand analysis is implemented, and 

then, considering the demand situation, the design of the 

distribution system is examined using various distribution 

approaches based on the type of demand. 

This approach is distinguished from previous research due 

to the existing articles and reviewed literature, bringing 

the proposed models in distribution system design closer 

to real-world conditions. Upon reviewing the existing 

literature on distribution system design, it becomes 

evident that the optimization of fleet composition and 

quantity alongside data-driven network design has either 

not been adequately addressed or has received limited 

attention. In most conducted studies, it has been assumed 

that distribution systems operate with either deterministic 

or stochastic demand, and analysis of the demand pattern 

has not been performed. In cases where uncertainty has 

been considered, the focus has predominantly been on 

fleet optimization, with less attention given to the 

simultaneous combination of both aspects. However, if 

this issue can be examined simultaneously, and a data-

driven network is properly designed, it could have 

significant impacts on meeting service levels and 

enhancing customer satisfaction. 

In this research, a detailed study and analysis of customer 

demand using data mining tools will be conducted first. 

Then, to respond to customer demands, a mathematical 

programming model for the design of the distribution 

system will be developed, incorporating fleet 

optimization. Subsequently, precise mathematical tools 

will be employed to solve the model. The developed 

model will be implemented on real data from the online 

distribution system of Bankchi, and the results will be 

reported to derive suitable managerial insights. In 

summary, the innovations of the present research include: 
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▪ Proposing an optimized distribution network design 

tailored to the problem's constraints. 

▪ Utilizing a data-driven approach for analyzing demand in 

the distribution network. 

▪ Developing an appropriate approach to address the 

uncertainties present in the network. 

▪ Providing an optimal model for the number and type of 

transport fleet for the designed network. 
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3. Problem Definition 

In this project, the design of a supply and distribution 

network for a company is examined and presented. This 

network is responsible for receiving various items from 

suppliers and delivering them to consumers. The products 

within this network include small items such as mobile 

phones and large items such as refrigerators. Given the 

nature of these items and the conditions for storage and 

transportation, certain sections of the network, such as 

processing centers, operate separately for each of these 

two groups, while other parts of the chain (receiving and 

distribution sections) are managed collectively. Fig. 1 

illustrates the structure of the proposed distribution 

network, which includes suppliers of items, processing 

and packaging centers, sorting centers, fixed distribution 

centers, mobile distribution centers, and customers. 

It is noteworthy that these products are delivered to fixed 

distribution centers and mobile distribution centers 

through various methods, such as the company's 

transportation fleets or vendors' fleets, and then forwarded 

to processing centers. After processing and transforming 

the items into parcels, they are sent to sorting centers and 

subsequently delivered to fixed and mobile distribution 

centers or postal offices for customer delivery. 

Distribution centers are also responsible for ensuring that 

parcels reach the customers. The objective of this design 

problem is to establish a network that includes the 

location and capacity planning of facilities, determining 

the nature of their connections, and specifying the flow 

between facilities, with the goal of minimizing costs 

while maintaining service level time. 

Suppliers Processing centers Sorting centers

Fixed distribution centers

Mobile distribution centers

Postal offices

Customers

 
Figure. 1. Proposed distribution network structure 

 

The model presented in this project is a multi-product, 

multi-period supply chain network. The envisioned 

network comprises fixed distribution centers, mobile 

distribution centers, processing centers, and sorting 

centers. The flow of products or items in the network is 

initiated by customer orders from various cities. The flow 

formation continues from the beginning of the network 

and points of receiving goods to the end of the network 

and points of delivery. In this network, vendors in 

different cities can supply the required items for each 

order to the mobile centers, which are responsible for 

receiving and delivering within the network, or to 

processing and sorting centers. In this network, it is 

essential to implement measures to adequately respond to 

customer demands; therefore, demand patterns and 

changes in trends and customer clustering must be defined 

to effectively plan the distribution network using the 

obtained patterns. Consequently, data mining tools will be 

used to explore demand, uncover its patterns, and analyze 

customer behavior. Additionally, it is important to note 

that environmental considerations and pollution reduction 

are as significant as economic goals for the company, 

necessitating the minimization of carbon dioxide 

emissions resulting from the transportation of products 

between different levels of the network.  Moreover, within 

the proposed network, alongside important network 

decisions, such as: 

- The location of each facility 

- The annual capacity of each facility 

- The active/inactive status of each facility in different 

years 

- The timing of capacity increases or decreases for 

each facility 

- The connections between facilities in the network 

It is also necessary to optimize the composition of the 

fleet and the appropriate number of each type of fleet in 

the last-mile connections. Therefore, by considering 

customer behavior and discovering demand patterns, 

various customer demand clusters will be considered as 

inputs for optimizing the distribution network design. 

Then, using a bi-objective mathematical model, network 

design will be optimized with both economic and 
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environmental objectives while simultaneously 

optimizing the fleet. 

Regarding the uncertainty present in some parameters, 

this will be explained in subsequent sections. The key 

assumptions related to network design, which stem from 

policies and priorities of the problem, environmental 

constraints, and operational requirements, are as follows: 

- The planning horizon for network design is 

considered limited. 

- The location of facilities occurs discretely at the city 

level.  

- Decision-making regarding the merging of facilities 

introduced in a city will be based on factors such as 

cost and facility capacity. 

- The network design is conducted integrally for both 

small and large item distribution. 

- The capacity of all facilities is determinable and 

defined and selected in increments. 

- The selection and establishment of facilities are 

conducted sequentially to perform the four main 

functions of "receiving," "processing," "sorting," and 

"distributing." 

- A maximum allowable time distance between pairs of 

different facilities (to meet service level times for 

customers) is defined. Therefore, allocating one 

facility to another will be contingent upon their 

placement within the defined permissible time 

distance. 

- A facility can be allocated to one or multiple other 

facilities. 

- Shipping to customers for large or small items is 

done in a single shipment. 

- The use of different fleets alters the time between 

facilities; thus, the selection of the fleet and optimal 

patterns between facilities is aimed at minimizing 

costs while ensuring adequate responsiveness. 

- Fleet capacities vary based on the type of item or 

parcel.  

- Facilities such as distribution centers incur 

construction costs, while contractor facilities do not 

have startup costs depending on the type of contract. 

3.1. Mathematical model 

The model includes the following sets, parameters, and 

decision variables. 

Sets 

𝑖 Set of facilities, 𝑖 = {1, . . . 𝐼} 

𝑗 Set of capacity levels, 𝑗 = {1, . . . , 𝐽} 

𝑘 Set of city nodes, 𝑘 = {1, . . . , 𝐾} 

𝑜 Set of products, 𝑜 = {1, . . . , 𝑂} 

𝑙 Set of vehicles, 𝑙 = {1, . . . , 𝐿} 

𝑡 Set of time periods, 𝑡 = {1, . . . , 𝑇} 

Parameters 

𝐶
𝑘𝑘′𝑡
𝑖𝑖′

 

Transportation costs per trailer from facility i 

in city k to facility i' in city k’ in the time 

period t 

𝐴𝑖𝑡
𝑜  

Transportation costs per parcel of product 

type o from facility i to customer in time 

period t 

𝐷
𝑘𝑘′𝑡
𝑜  

Demand of product o in from city k to city k’ 

in the time period t 

𝑀𝑖𝑗𝑘𝑡  
Mortgage cost of the facility i with capacity 

level j in city k in the time period t 

𝑅𝑖𝑗𝑘𝑡  
Rent cost of the of the facility i with capacity 

level j in city k in the time period t 

𝐹𝑖𝑗𝑡 
Cost of equipping capacity level j of the 

processing facilitation type i in time period t 

𝑐𝑎𝑖𝑗  Capacity level j of facility i 

𝑐𝑎𝑝𝑙
𝑜 Capacity of vehicle l based on product o 

𝑇̃𝑖𝑖′ 
Maximum transfer time between facility i and 

i’ 

𝑑𝑙𝑘𝑘′  
Time distance from origin city k to 

destination city k’ when transporting with 

vehicle type l 

𝐼𝑙𝑘𝑘′𝑡 
Transporting cost from origin city k to 

destination city k’ when transporting with 

vehicle type l in the time period t 

𝐸𝑚𝑙
𝑜 

Emission rate of vehicle type l per unit of 

parcel type o 

𝑂𝑙𝑡  
Carbon neutralizing costs of vehicle type l in 

the time period t 

𝐻𝑖𝑘  
1, If it is possible to establish facility i in the 

city k; 0 otherwise. 

𝑆𝐿 Service level 

𝑖1 Inflation rate 

𝑖2 Interest rate 

𝑖3 Depreciation rate 

𝜀 Epsilon constraint coefficient 

𝑀 Big M 

Decision Variable 

𝑋𝑖𝑗𝑘𝑡
𝑜  

1, If facility i with capacity level j in the city 

k is opened in time period t; 0 otherwise. 

𝑍
𝑘𝑘′𝑡
𝑜𝑖𝑖′

 

1, If facility i in the city k is assigned to 

facility i' in the city k’ in time period t; 0 

otherwise. 

𝐻
𝑘𝑘′𝑡
𝑜𝑖𝑖′

 

Quantity of product type o shipped from 

facility i in the city k to facility i' in the city k’ 

at time period 𝑡. 

𝐺
𝑘𝑘′𝑡
𝑜𝑖  

Quantity of product type o shipped from 

facility i in the city k to customer in the city k’ 

at time period 𝑡. 

𝑆𝑙𝑘𝑘′𝑡 

Required number of vehicle type l for 

transporting from the city k to the city k’ at 

time period 𝑡. 
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Now, the mathematical model can be developed as 

follows: 

𝑍1 = 𝑚𝑖𝑛 ∑
1

(1 + 𝑖1)𝑡

𝑡

[∑ ∑ ∑(𝑀𝑖𝑗𝑘𝑡 × 𝑖2

𝑘𝑗𝑖

+ 𝑅𝑖𝑗𝑘𝑡 + 𝐹𝑖𝑗𝑡 × 𝑖3). 𝑋𝑖𝑗𝑘𝑡

+ ∑ ∑ ∑ ∑ ∑ 𝐴𝑖𝑡
𝑜 𝐺𝑘𝑘′𝑡

𝑜𝑖

𝑡𝑘′𝑘𝑖𝑜

+ ∑ ∑ ∑ ∑ ∑ ∑ ∑ 𝐶𝑘𝑘′𝑡 ×
𝐻𝑘𝑘′𝑡

𝑜𝑖𝑖′

𝑐𝑎𝑝𝑙
𝑜

𝑡𝑙𝑘′𝑘𝑖′𝑖𝑜

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝐼𝑙𝑘𝑘′𝑡

𝑡𝑘′𝑘𝑙

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝑂𝑙𝑡

𝑡𝑘′𝑘𝑙

] 

(1) 

𝑍2 = 𝑚𝑖𝑛 ∑ ∑ ∑ ∑ ∑ ∑ 𝐸𝑚𝑙
𝑜

𝑡

. 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑙𝑘′𝑘𝑖𝑜

 (2) 

s.t.   

 ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

≤ 𝐻𝑖𝑘                                       (∀𝑖, 𝑘, 𝑡) (3) 

 𝑑𝑙𝑘𝑘′ . 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′ ≤ 𝑇̃𝑖𝑖′. ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

       (∀𝑜, 𝑙, 𝑖, 𝑖′, 𝑘, 𝑘′ , 𝑡) (4) 

 ∑ 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑘

≤ 1                                (∀𝑜, 𝑖, 𝑖′, 𝑘′, 𝑡) (5) 

 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′ ≤ 𝑀. 𝑍𝑘𝑘′𝑡

𝑜𝑖𝑖′                      (∀𝑜, 𝑖, 𝑖′, 𝑘, 𝑘′, 𝑡) (6) 

 ∑ 𝐺𝑘𝑘′𝑡
𝑜𝑖

𝑖,𝑘

= ∑ 𝐷𝑘𝑘′𝑡
𝑜

𝑘

                        (∀𝑘′, 𝑜, 𝑡) (7) 

 ∑ 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑖,𝑘

= ∑ 𝐺𝑘′𝑘″𝑡
𝑜𝑖′

𝑘″

                  (∀𝑖′, 𝑘′, 𝑜, 𝑡) (8) 

 ∑ 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑖′,𝑘′

≤ ∑ 𝑐𝑎𝑖𝑗𝑋𝑖𝑗𝑘𝑡

𝑗

                    (∀𝑜, 𝑖, 𝑘, 𝑡) (9) 

 ∑ ∑ ∑ ∑ 𝐺𝑘𝑘′𝑡
𝑜𝑖

𝑘′𝑘𝑖𝑜

≥ 𝑆𝐿. ∑ ∑ ∑ 𝐷𝑘𝑘′𝑡    
𝑜 (∀𝑡)

𝑘′𝑘𝑜

 (10) 

 ∑ 𝑐𝑎𝑝𝑙
𝑜𝑆𝑙𝑘𝑘′𝑡 > 𝐻𝑘𝑘′𝑡

𝑜𝑖𝑖′

𝑙

       ∀(𝑖, 𝑖′, 𝑘, 𝑘′, 𝑜, 𝑡) (11) 

 𝑆𝑙𝑘𝑘′𝑡 ∈ 𝑍                                          ∀(𝑙, 𝑘, 𝑘′, 𝑡) (12) 

 𝑋𝑖𝑗𝑘𝑡 , 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

∈ {0,1}             (∀𝑜, 𝑖, 𝑖′, 𝑗, 𝑘, 𝑘′, 𝑡) (13) 

 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

, 𝐺𝑘𝑘′𝑡
𝑜𝑖 ∈ 𝑅+                   (∀𝑜, 𝑖, 𝑖′, 𝑘, 𝑘′, 𝑡) (14) 

The objective function (1) refers to minimizing the costs 

of establishment, equipment, transportation, distribution 

and neutralizing carbon emissions through various 

methods, as well as risk costs. The objective function (2) 

refers to minimizing emitted carbons in the transportation 

process. Constraints (3) ensure that facilities are 

established in cities where construction is feasible. 

Constraints (4) reflect the maintenance of coverage radius 

requirements for facility allocation. Constraints (5) 

illustrate how facilities are allocated to one another while 

maintaining allocation requirements. Constraints (6) 

indicate that flow can only take place in the network if 

allocation has been made beforehand. Constraints (7) 

represent the coverage constraints for urban demand. 

Constraints (8) show the flow balance in the proposed 

distribution network. Constraints (9) indicate the capacity 

of the facility that must be established. Constraints (10) 

ensure that the service level of the system is maintained. 

Constraints (11) show how the number of vehicles is 

determining based on the transported parcels and 

vehicles’ capacities. Constraints (12)-(14) define the 

domain of the decision variables. 

4. Solution Method 

To effectively address the proposed problem, it is 

essential to recognize that the challenge at hand is a multi-

objective optimization scenario. This situation 

necessitates the transformation of the original multi-

objective framework into a single-objective problem, 

which can be accomplished through various multi-criteria 

decision-making (MCDM) methods. This transformation 

simplifies the decision-making process, thereby 

facilitating a more straightforward analysis and 

implementation of solutions. 

Before this integration occurs, it is crucial to identify and 

thoroughly analyze customer demand patterns and the 

geographical distribution of these demands. This step is 

vital as it provides the foundational data required for 

effective decision-making. A data-driven approach should 

be adopted to harness relevant historical and real-time 

data, uncovering trends, fluctuations, and correlations in 

customer demands across different regions. By employing 

sophisticated analytical techniques such as data mining, a 

detailed understanding of how demand varies spatially 

and temporally can be developed. 

Once a clear understanding of the demand patterns and 

geographical dispersions is established, the e-constraint 

method can be applied to effectively tackle the bi-

objective problem. This method involves prioritizing one 

objective while treating the others as constraints, enabling 

the exploration of trade-offs between conflicting 

objectives. By systematically adjusting the epsilon values, 

solutions can be identified that not only satisfy the 

primary objective but also adhere to acceptable levels of 

the secondary objectives. Finally, a possibilistic 

programming approach can be incorporated to address the 

inherent uncertainty and fuzziness present in the 

parameters of the model. Many real-world problems are 

characterized by uncertainty due to unpredictable market 

conditions, fluctuating customer preferences, or other 

unforeseen factors. Possibilistic programming allows for a 

more effective modeling of these uncertainties by 

considering various scenarios and their likelihoods. This 

approach aids in formulating solutions that are robust and 

adaptable to changes, thereby enhancing the overall 

resilience and reliability of the decision-making 

framework. 
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4.1. Clustering with K-means algorithm 

In this section, a paradigm shift in demand analysis is 

explored, moving away from traditional structural 

modifications and enumeration methods. These 

conventional approaches typically rely on static 

optimization techniques and impose restrictive constraints 

that fail to adequately reflect consumer behavior or fully 

utilize features in pricing analysis. The proposed 

methodology is designed to autonomously identify 

distinct demand segments tailored to individual retailers 

by leveraging historical purchase data or patterns of 

demand [50].  

An outstanding characteristic of this model is its 

adaptability, which allows it to respond fluidly to minor 

fluctuations in demand as well as unforeseen events, such 

as global crises or economic downturns. Such flexibility 

is crucial in today’s fast-paced and ever-changing market 

landscape, where consumer behavior can shift 

dramatically in response to external factors [51]. The 

ability to adjust pricing strategies quickly ensures that 

retailers can maintain operational effectiveness, even 

amidst unpredictable circumstances. Furthermore, the 

model incorporates a dynamic framework that grants real-

time insights into demand trends and optimization tactics. 

This aspect is particularly noteworthy as it empowers 

retailers to engage in ongoing adjustments based on 

temporal shifts in demand [52]. 

For implementing the K-means algorithm, the following 

steps are conducted as can be seen in Fig. 2. 

Step 1: Deciding how many clusters is needed to divide 

data into. 

Step 2: Randomly selecting K data points from dataset as 

the initial centroids. 

Step 3: Assigning Data Points to Clusters: 

- For each data point, calculating the distance to each 

centroid. 

- Assigning each data point to the cluster whose 

centroid is the closest. 

Step 4: Updating Centroids: 

- After all data points have been assigned to clusters, 

recalculating the positions of the centroids by taking 

the average of all points in each cluster. 

Step 5: Repeating Steps 3 and 4. 

Step 6: Output the Clusters: 

- Once convergence is achieved, the final clusters and 

their centroids are output 

To sum up, this innovative approach revolutionizes the 

way demand analysis and prediction are developed and 

implemented. By embracing a data-driven, autonomous 

model that accurately reflects consumer behavior and 

adapts to market dynamics, retailers can implement 

tailored network structure that led to more effective 

demand segmentation and ultimately enhanced 

profitability. As the retail landscape continues to evolve, 

the adoption of such sophisticated methodologies will be 

critical in maintaining a competitive edge. Retailers who 

leverage these advanced analytical techniques can not 

only respond to current market demands but also 

anticipate future trends, ensuring long-term success in a 

volatile economic environment and more responsive 

network structure. By continuously applying the 

algorithm over various time intervals and making iterative 

adjustments to reflect changing demand dynamics and 

consumer behaviors, the model clusters the geographical 

demands as an input for the distribution network design 

problem. Developed in Python, the results of this 

approach are presented in the following section, where 

they will be compared with traditional methods. This 

comparative analysis aims to provide valuable insights 

into the effectiveness and advantages of the proposed 

methodology.  

Determining the number of cluster center

Start

Setting initial cluster center randomly

Putting each object to the nearest center

Calculating the new cluster center

Recreating cluster based on nearest 

distance

Objects 

move to 

clusters

Output
 

Figure 2. Flowchart of K-means algorithm [53] 

4.2. The e-constraint method 

Over the past few decades, the field of multi-objective 

optimization has experienced remarkable advancements, 

primarily driven by the rise of evolutionary algorithms 

and a range of innovative techniques. Various strategies, 

including the weighted sum method, the e-constraint 
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method, scalarizing methods, value function approaches, 

and goal programming, have been developed to simplify 

multi-objective problems into single-objective 

frameworks [54]. Among these strategies, the e-constraint 

method stands out due to its ability to handle scaling 

issues in objective functions more effectively than the 

weighted sum method. This method allows for greater 

control over the quantity and quality of potential solutions 

available [55]. 

In application, the e-constraint method is typically 

formulated mathematically, allowing practitioners to set 

specific ranges for the objective functions to ensure that 

each function remains within defined limits [56]. 

Essentially, this technique focuses on minimizing one 

primary objective while placing constraints on others 

through additional parameters ( ). Moreover, the 

adaptability of the e-constraint method makes it 

particularly valuable in real-world scenarios where 

decision makers face complex trade-offs among 

competing objectives [57]. Its flexibility allows for 

tailoring the constraints based on varying priorities, 

providing a systematic approach to achieving optimal 

outcomes while maintaining the desired balance among 

multiple objectives. As a result, this method has gained 

traction across diverse fields, from engineering design to 

economic modeling, where understanding the nuanced 

interplay of different objectives is critical [58]. In the 

proposed model e-constraint method is used as follows. 

The first objective function is set while the second 

objective function are constrained using ( ). 

𝑀𝑖𝑛𝑍1(𝑥) 
𝑠. 𝑡. 
𝑍2(𝑥) ≤ 𝜀 

∀𝑖 ≠ 𝑘, 𝑥 ∈ 𝑋 (1) 

It must be noticed that the optimal solution follows the 

below theorems:  

Theorem 1: The Pareto solution is 𝑥∗ ∈ 𝑋, ∀𝑘 ∈

{1, . . . , 𝐾}, 𝑖 ∈ {1, . . . , 𝐾}/{𝐾}for the model (1). 

Theorem 2: If 𝑥∗ ∈ 𝑋 specifies a unique solution for 

some 𝑘 with 𝜀𝑖 = 𝑍𝑖(𝑥∗), ∀𝑖 ∈ {1, . . . , 𝐾}/{𝐾}, will the 

Pareto solution of the model (1) 

Theorem 3: For any delivered upper bound vector 𝜀 =

{𝜀1, 𝜀2, . . . , 𝜀𝑘}.𝑥∗ ∈ 𝑋 is the Pareto solution of the model 

(1). 

To effectively implement the e-constraint method within 

the proposed model, it is essential to define the 

permissible range of variation for the solutions by setting 

specific epsilon value. This approach involves minimizing 

one primary objective function while constraining the 

other objective function through supplementary 

constraints. In this model, we focus on two objective 

functions (Z1, Z2). The primary objective function is 

maintained as Z1, while Z2 is converted into a constraint 

with an upper limit denoted by ( ). As a result, the bi-

objective problem is reformulated into a singular 

objective model, allowing for a streamlined optimization 

process. 

𝑍1 = 𝑚𝑖𝑛 ∑
1

(1 + 𝑖1)𝑡

𝑡

[∑ ∑ ∑(𝑀𝑖𝑗𝑘𝑡

𝑘𝑗𝑖

× 𝑖2 + 𝑅𝑖𝑗𝑘𝑡 + 𝐹𝑖𝑗𝑡 × 𝑖3). 𝑋𝑖𝑗𝑘𝑡

+ ∑ ∑ ∑ ∑ ∑ 𝐴𝑖𝑡
𝑜 𝐺𝑘𝑘′𝑡

𝑜𝑖

𝑡𝑘′𝑘𝑖𝑜

+ ∑ ∑ ∑ ∑ ∑ ∑ ∑ 𝐶𝑘𝑘′𝑡

𝑡𝑙𝑘′𝑘𝑖′𝑖𝑜

×
𝐻𝑘𝑘′𝑡

𝑜𝑖𝑖′

𝑐𝑎𝑝𝑙
𝑜

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝐼𝑙𝑘𝑘′𝑡

𝑡𝑘′𝑘𝑙

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝑂𝑙𝑡

𝑡𝑘′𝑘𝑙

] 

(16) 

 ∑ ∑ ∑ ∑ ∑ ∑ 𝐸𝑚𝑙
𝑜

𝑡

. 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑙𝑘′𝑘𝑖𝑜

≤ 𝜀 (17) 

 Constraints (3)-(14).  

4.3. Possibilistic programming approach 

Numerous approaches have been explored in previous 

studies for addressing possibility models that incorporate 

imprecise coefficients within both the objective function 

and constraints [59]. Among these, a particularly effective 

synthesis of computational techniques for resolving fuzzy 

linear problems emerges from the work of [60]. Their 

methodology primarily builds upon the foundational 

model, which adeptly maintains the linear nature of the 

problem while avoiding any increase in the number of 

objective functions or the complexity of constraint 

inequalities. This approach is versatile, demonstrating 

applicability across a wide range of membership 

functions, including triangular and trapezoidal forms, as 

well as other non-linear scenarios. Its robustness stems 

from strong mathematical principles, such as the expected 

value range and the expected value of fuzzy numbers 

[61]. Ultimately, the integration of these methodologies 

not only enhances the understanding of fuzzy linear 

programming but also opens new avenues for research, 

particularly in complex systems that require nuanced 

decision-making strategies in the face of uncertainty. As 

the field continues to evolve, the foundational work laid 

by these researchers plays a crucial role in developing 

innovative solutions for real-world applications. Hence, 

implementing interval and expected value of a fuzzy 

number definition, the deterministic model constraint can 

be expressed in the following form. 

𝑑𝑙𝑘𝑘′ . 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′ ≤ 𝑇̃𝑖𝑖′. ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

 (18) 

𝑑𝑙𝑘𝑘′ . 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

≤ [𝛼(
𝑇𝑖𝑖′

𝑃 + 𝑇𝑖𝑖′
𝑚

2
) 

+(1 − 𝛼)(
𝑇𝑖𝑖′

𝑃 + 𝑇𝑖𝑖′
𝑚

2
)]. ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

 
(19) 
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Now, the model can be easily solved. Therefore, the 

single-objective deterministic model is solvable in the 

following form. 

𝑍1 
= 𝑚𝑖𝑛 ∑

1

(1 + 𝑖1)𝑡

𝑡

[∑ ∑ ∑(𝑀𝑖𝑗𝑘𝑡 × 𝑖2

𝑘𝑗𝑖

+ 𝑅𝑖𝑗𝑘𝑡 + 𝐹𝑖𝑗𝑡 × 𝑖3). 𝑋𝑖𝑗𝑘𝑡

+ ∑ ∑ ∑ ∑ ∑ 𝐴𝑖𝑡
𝑜 𝐺𝑘𝑘′𝑡

𝑜𝑖

𝑡𝑘′𝑘𝑖𝑜

+ ∑ ∑ ∑ ∑ ∑ ∑ ∑ 𝐶𝑘𝑘′𝑡 ×
𝐻𝑘𝑘′𝑡

𝑜𝑖𝑖′

𝑐𝑎𝑝𝑙
𝑜

𝑡𝑙𝑘′𝑘𝑖′𝑖𝑜

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝐼𝑙𝑘𝑘′𝑡

𝑡𝑘′𝑘𝑙

+ ∑ ∑ ∑ ∑ 𝑆𝑙𝑘𝑘′𝑡 . 𝑂𝑙𝑡

𝑡𝑘′𝑘𝑙

] 

(20) 

s.t.   

 ∑ ∑ ∑ ∑ ∑ ∑ 𝐸𝑚𝑙
𝑜

𝑡

. 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑙𝑘′𝑘𝑖𝑜

≤ 𝜀 (21) 

 ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

≤ 𝐻𝑖𝑘                                       (∀𝑖, 𝑘, 𝑡) (22) 

 

𝑑𝑙𝑘𝑘′ . 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

≤ 

[𝛼(
𝑇𝑖𝑖′

𝑃 + 𝑇𝑖𝑖′
𝑚

2
)                        (∀𝑜, 𝑙, 𝑖, 𝑖′, 𝑘, 𝑘′, 𝑡)  

+(1 − 𝛼)(
𝑇𝑖𝑖′

𝑃 + 𝑇𝑖𝑖′
𝑚

2
)]. ∑ 𝑋𝑖𝑗𝑘𝑡

𝑗

 

 

(23) 

 ∑ 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑘

≤ 1                                (∀𝑜, 𝑖, 𝑖′, 𝑘′, 𝑡) (24) 

 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′ ≤ 𝑀. 𝑍𝑘𝑘′𝑡

𝑜𝑖𝑖′                      (∀𝑜, 𝑖, 𝑖′, 𝑘, 𝑘′, 𝑡) (25) 

 ∑ 𝐺𝑘𝑘′𝑡
𝑜𝑖

𝑖,𝑘

= ∑ 𝐷𝑘𝑘′𝑡
𝑜

𝑘

                        (∀𝑘′, 𝑜, 𝑡) (26) 

 ∑ 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑖,𝑘

= ∑ 𝐺𝑘′𝑘″𝑡
𝑜𝑖′

𝑘″

                  (∀𝑖′, 𝑘′, 𝑜, 𝑡) (27) 

 ∑ 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

𝑖′,𝑘′

≤ ∑ 𝑐𝑎𝑖𝑗𝑋𝑖𝑗𝑘𝑡

𝑗

               (∀𝑜, 𝑖, 𝑘, 𝑡) (28) 

 

∑ ∑ ∑ ∑ 𝐺𝑘𝑘′𝑡
𝑜𝑖

𝑘′𝑘𝑖𝑜

≥ 𝑆𝐿. ∑ ∑ ∑ 𝐷𝑘𝑘′𝑡    
𝑜 (∀𝑡)

𝑘′𝑘𝑜

 
(29) 

 ∑ 𝑐𝑎𝑝𝑙
𝑜𝑆𝑙𝑘𝑘′𝑡 > 𝐻𝑘𝑘′𝑡

𝑜𝑖𝑖′

𝑙

       ∀(𝑖, 𝑖′, 𝑘, 𝑘′, 𝑜, 𝑡) (30) 

 𝑆𝑙𝑘𝑘′𝑡 ∈ 𝑍                                          ∀(𝑙, 𝑘, 𝑘′, 𝑡) (31) 

 𝑋𝑖𝑗𝑘𝑡 , 𝑍𝑘𝑘′𝑡
𝑜𝑖𝑖′

∈ {0,1}             (∀𝑜, 𝑖, 𝑖′, 𝑗, 𝑘, 𝑘′, 𝑡) (32) 

 𝐻𝑘𝑘′𝑡
𝑜𝑖𝑖′

, 𝐺𝑘𝑘′𝑡
𝑜𝑖 ∈ 𝑅+                   (∀𝑜, 𝑖, 𝑖′, 𝑘, 𝑘′, 𝑡) (33) 

5. A Numerical Case Example 

Bonakchi online wholesale is the first specialized 

platform for the bulk supply of fast-moving and packaged 

goods, including edible oils, which require careful 

handling due to their chemical properties (e.g., 

susceptibility to oxidation, temperature sensitivity, and 

shelf-life constraints). Bonakchi is the largest online 

distributor of edible oils and other essential goods in Iran, 

making it an ideal case for testing our data-driven 

distribution network model. The unique challenges of 

edible oils—such as maintaining quality during transit, 

minimizing exposure to adverse environmental 

conditions, and ensuring timely delivery to prevent 

spoilage—are explicitly addressed in our network design.  

The edible oils distributed by Bonakchi exhibit specific 

chemical features, such as varying viscosity, flash points, 

and storage requirements, which directly influence the 

design of the distribution network. For instance, oils with 

higher perishability require shorter transportation times 

and specialized storage facilities, while others may need 

temperature-controlled environments. Our model 

incorporates these factors by optimizing facility locations, 

fleet composition, and routing to ensure product integrity 

and minimize waste. The real-world data from Bonakchi’s 

edible oil supply chain validates the practicality of our 

approach, demonstrating its ability to handle sector-

specific challenges. 

This distributor has been operating in this sector in Iran 

for almost 6 years, providing and supplying goods in 

bulk. To evaluate the applicability of the proposed model 

and its feasibility, data from Bankchi has been utilized, 

with any unavailable information randomly generated. 

The proposed model was solved using the CPLEX solver 

from the GAMS optimization package. The developed 

structure includes 10 suppliers, 100 customers, 4 

processing center, 4 sorting center, 20 fixed distribution 

center, 30 mobile distribution center, 50 types of products 

and 4 time periods. 

5.1. Model validation 

To thoroughly assess the accuracy and validity of the 

model and ensure that all components function correctly, 

a specific parameter will be focused on, and necessary 

adjustments will be implemented to test the anticipated 

outcomes. In this analysis, the primary emphasis will be 

on transportation costs. It is understood that when the cost 

of transporting products within the system rises, there is a 

natural tendency for the system to resist increasing the 

number of vehicles. This behavior occurs primarily to 

avoid escalating expenses associated with last-mile 

delivery. Consequently, it is hypothesized that an increase 

in last-mile transportation costs will lead to a reduction in 

the number of vehicles utilized. If the model accurately 

reflects this relationship, it can be deemed to be 
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functioning correctly. To validate this hypothesis, a series 

of sensitivity analyses specific to the parameter of last-

mile transportation costs (𝐼𝑖𝑘𝑘′𝑡) will be conducted. 

Results from these analyses which can be seen in Table 2, 

indicate that as transportation costs for last-mile delivery 

increase, a consistent decrease in the total number of 

vehicles is observed across all examined periods. This 

finding not only supports the initial expectations but also 

reinforces the validity of the proposed model. By 

demonstrating a clear correlation between rising 

transportation costs and a reduction in vehicle numbers, it 

can be confidently asserted that the model accurately 

captures the dynamics of the system under investigation. 

In conclusion, the findings underscore the robustness of 

the model, showcasing its ability to respond appropriately 

to changes in key parameters while maintaining logical 

consistency in operational outcomes. Further investigation 

into other influencing factors may provide additional 

insights and enhance the model's applicability in real-

world scenarios. 

 Table 2. Validation test on last mile transportation costs 

Experiments 
Last mile 

transportation cost  

Time periods Total number 

of vehicles 1 2 3 4 

1 37.450 290 291 290 294 1165 

2 43.067 281 279 283 282 1125 

3 49.527 269 270 271 266 1076 

4 56.956 254 253 254 255 1016 

5 65.500 241 241 240 241 963 

 
5.2. Sensitivity analyses 

In this section, the impact of important parameters of the 

model on its behavior and outputs is examined, aiming to 

assist managers, decision-makers, and retailers in 

predicting inputs and potential scenario changes. Key 

parameters, such as maximization of profit, minimization 

of CO2 objectives, processing centers’ capacity, and 

service level, will be investigated within the proposed 

model. Measuring changes and their impact on the 

model's behavior can provide valuable insights for 

demonstrating expected values. 
 

5.2.1. Examining the profit maximization versus CO2 

emissions 

In the proposed model, we focus on two critical 

objectives: maximizing profit and minimizing CO2 

emissions. While the primary goal of maximizing profit 

enables the retailer to cover operational expenses, 

minimizing CO2 emissions underscores the importance of 

social responsibility and environmental sustainability. To 

analyze the trade-offs between these objectives, we first 

establish the Pareto front for the multi-objective problem. 

This involves solving the optimization problem solely for 

profit to identify the best possible solution. Subsequently, 

we reintroduce the profit objective alongside a CO2 

minimization function to refine our optimal solution.  

However, it's crucial to understand that when both 

objectives are considered simultaneously, the optimal 

solutions for profit and emissions derived independently 

are no longer valid. This necessitates a nuanced approach 

since the Pareto frontier illustrates varying profit levels 

corresponding to different waste levels. Notably, if the 

system disregards the impact of CO2, it may achieve 

substantial profits; however, this scenario is practically 

infeasible. 

 

Figure 3. Profit maximization versus CO2 minimization 

The analysis reveals that the acceptable emission 

threshold for maintaining profitability lies between 12-

15% CO2 emissions. Exceeding this range significantly, 

while initially boosting profit, leads to an infeasibility in 

the problem as the CO2 minimization objective. 

Conversely, restricting emissions to more than 25% might 

appear profitable but lacks logical consistency in a real-

world context. Thus, the feasible region that balances both 

profit and environmental responsibility lies within the 12-

15% waste emissions range, where retailers can achieve 

reasonable profits while adhering to sustainable practices. 

This quantitative analysis emphasizes the intricate trade-

offs involved in decision-making, highlighting the 

necessity of optimizing both profit margins and emission 
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levels to create a viable and responsible distribution 

strategy. 

5.2.2. Examining the effects of capacity costs 

The limitations of retail capacity due to the availability of 

products and purchasing from the suppliers significantly 

impact the performance and improvement of the proposed 

distribution system. One of the most important analyses in 

the problem of distribution network design is the 

examination of the capacities of centers and the 

corresponding changes due to cost variations. As shown 

in the  

Figure 4. Network structure while using basic input 

parameters, when the problem is solved using basic 

information, three processing centers are needed at the 

national level to meet the network’s demand, which are to 

be established in Tehran, Isfahan, and Mashhad. 

Additionally, the processing center established in Tehran 

is at capacity level 3, the processing center in Isfahan is at 

capacity level 2, and the processing center in Mashhad is 

at capacity level 1. 

 

Figure 4. Network structure while using basic input parameters 

 

Figure 5. Network structure increasing set-up and facilitation costs 
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As can be seen in the figure, two sorting centers have also 

been established at capacity levels 2 and 1 in Tehran and 

Isfahan, respectively, which sufficiently cover demand in 

the planning horizon. One of the most important analyses 

is the examination of the costs of constructing and 

equipping these centers.  

Therefore, the problem was solved again with a 25% 

increase in the related costs. As shown in the Fig. 5, this 

time the number of established centers decreased, and the 

capacity level of the centers increased. This means that no 

processing center was built in Mashhad, and instead, the 

capacity levels of the processing centers in Tehran and 

Isfahan were each increased by one level. It should be 

noted that the locations of the sorting centers did not 

change, but the capacity of both established centers has 

been increased.   

5.2.3. Examining the service-level effects 

One of the important analyses that can have a significant 

and noticeable role in logistical processes, as well as in 

distribution networks and the manner of service delivery, 

is the sensitivity analysis on the service level parameter. 

This analysis helps in understanding how variations in 

service levels can impact overall operational efficiency 

and associated costs. In this context, one of the critical 

constraints outlined in the problem is the necessity for the 

system to meet a specific level of demand consistently. 

This implies that any changes or fluctuations in service 

levels can have profound implications on fulfilling 

customer expectations and maintaining inventory balance. 

Thus, exploring the sensitivity of this parameter becomes 

essential for making informed managerial decisions that 

align with organizational goals. 

To provide a comprehensive view, the analysis on the 

service level parameter has been conducted at three 

distinct levels: 80%, 85%, and 90%. Each of these levels 

represents different strategies that the organization might 

adopt to balance customer satisfaction with operational 

costs. The outcomes of these analyses not only reflect 

potential performance under varying conditions but also 

help in identifying the trade-offs between service levels 

and resource allocation. The results of this comprehensive 

analysis are summarized in the Table 3, Table 4 and Table 

5, which outlines how each service level affects key 

performance indicators such as transfer time, 

establishment, processing and transportation costs. This 

analysis not only aids in strategic planning but also equips 

decision-makers with valuable insights to enhance service 

delivery while optimizing logistical and distribution 

networks.

Table 3. Analysis on the service-level parameter 

SL=80% 
Time period 

1 2 3 4 

Mini-sized products 
Establishment costs 205.9 386.2 688.3 1055.7 

Facilitation costs 3.4 4.7 6.8 9.1 

Mega-sized products 
Establishment costs 270.2 391.9 701.9 1339.2 

Facilitation costs 3.1 4.2 6.3 8.8 

Middle-mile costs 387.3 576.6 864.2 1204.3 

Last-mile costs 485.9 743.1 1206.4 1941.6 

Covered demand 

Fixed distribution centers 65% 65% 66% 66% 

Mobile distribution centers 30% 30% 30% 30% 

Postal offices 5% 5% 4% 4% 

 
Table 4. Analysis on the service-level parameter 

SL=85% 
Time period 

1 2 3 4 

Mini-sized products 
Establishment costs 205.9 386.2 688.3 1055.7 

Facilitation costs 3.4 4.7 6.8 9.1 

Mega-sized products 
Establishment costs 270.2 391.9 701.9 1339.2 

Facilitation costs 3.1 4.2 6.3 8.8 

Middle-mile costs 396.4 604.1 921.3 1314.6 

Last-mile costs 516.2 791.6 1282.2 2311.5 

Covered demand 

Fixed distribution centers 67% 67% 67% 66% 

Mobile distribution centers 30% 30% 30% 30% 

Postal offices 3% 3% 3% 4% 
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Table 5. Analysis on the service-level parameter 

SL=90% 
Time period 

1 2 3 4 

Mini-sized products 
Establishment costs 205.9 386.2 688.3 1055.7 

Facilitation costs 3.4 4.7 6.8 9.1 

Mega-sized products 
Establishment costs 270.2 391.9 701.9 1339.2 

Facilitation costs 3.1 4.2 6.3 8.8 

Middle-mile costs 396.4 604.1 921.3 1314.6 

Last-mile costs 516.2 791.6 1282.2 2311.5 

Covered demand 

Fixed distribution centers 67% 67% 67% 66% 

Mobile distribution centers 30% 30% 30% 30% 

Postal offices 3% 3% 3% 4% 

 
5.3. Managerial insights 

The analysis of distribution network design highlights 

crucial strategic considerations for decision-makers in 

logistics and supply chain management. Understanding 

how capacity and costs interact allows managers to 

optimize resource allocation and enhance operational 

efficiency. Here are some key insights: 

1- Capacity Planning: The need to reduce the number of 

processing centers while increasing their capacity 

suggests that organizations should prioritize scalability in 

their distribution strategy. By focusing investment on 

fewer, higher-capacity centers, companies can streamline 

their operations, reduce overhead, and enhance service 

levels to meet demand more effectively. 

2- Cost Management: The response to a 25% increase in 

construction and equipping costs underscores the 

importance of cost control in facility management. 

Managers should conduct sensitivity analyses regularly to 

understand how fluctuations in costs impact overall 

network design and capacity decisions. Leveraging 

existing centers more efficiently can mitigate the risk of 

rising costs. 

3- Location Optimization: While the initial plan 

included a processing center in Mashhad, the decision to 

forgo its construction in favor of expanding capacity in 

Tehran and Isfahan illustrates the need for ongoing 

evaluation of site selection. Managers should 

continuously assess market demands, transportation costs, 

and operational capabilities before committing to new 

locations. 

4- Future Scalability: By developing higher-capacity 

centers, businesses position themselves for future growth. 

This proactive approach ensures that the organization is 

prepared to scale operations according to market demands 

without incurring the costs associated with building new 

facilities. 

5- Flexibility and Responsiveness: The ability to adapt 

to cost changes reflects the importance of flexibility in 

decision-making. Managers should develop responsive 

strategies that allow for quick adjustments in distribution 

plans, fostering resilience in the face of cost fluctuations 

or unexpected market shifts. 

6- Balancing Profit and Sustainability: Managers 

should recognize the critical trade-off between 

profitability and CO2 emissions. By strategically aiming 

for an emission target of 10-15%, organizations can 

maintain a balance that maximizes profit while adhering 

to social and environmental responsibilities. This optimal 

range allows for a sustainable business model that not 

only meets profit goals but also enhances the company's 

reputation and compliance with regulatory standards. 

7- Segmenting Customers: By analyzing customer 

segments, businesses can adjust service levels. High-

priority clients may require enhanced service, while 

others may be satisfied with more basic offerings. 

8- Balanced Strategy: Striking a balance between service 

levels and operational constraints is crucial. This strategy 

optimizes delivery effectiveness while managing costs, 

supporting sustainable growth. 

These managerial insights can guide decision-makers in 

creating a robust and efficient distribution network that 

aligns with organizational goals and market dynamics. By 

focusing on capacity optimization, cost management, and 

strategic location planning, companies can enhance their 

competitive edge in the marketplace. 

6. Conclusions 

The design of distribution networks is a crucial concern 

across the globe, particularly for perishable and 

chemically sensitive products like edible oils, where 

maintaining quality and minimizing waste are paramount. 

Our study addresses these challenges by proposing a data-

driven network design model developed to the unique 

requirements of Bonakchi’s edible oil supply chain. By 

integrating chemical-specific constraints—such as storage 

conditions, transportation time limits, and environmental 

controls—into the optimization framework, our model 

ensures efficient and sustainable distribution. The results 

demonstrate the model’s effectiveness in balancing cost, 

service level, and product integrity, offering actionable 
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insights for similar industries handling sensitive goods. 

To achieve this, integrating decisions such as fleet type 

optimization, capacity utilization strategies, route 

planning, transport automation, and machine-learning 

techniques can significantly enhance fleet efficiency and 

distribution system performance. Most traditional network 

design models primarily focus on strategically locating 

facilities to minimize supply chain costs, often 

overlooking essential elements such as demand trends, 

customer density, and shifts in consumer behavior.  To 

develop a more adaptable distribution system capable of 

better serving customers, it is vital to incorporate these 

overlooked factors into the design process. By 

simultaneously evaluating demand patterns and 

optimizing fleet composition, we can address existing 

gaps in the literature and create a system that is highly 

responsive and able to reach more customers effectively. 

This study aims to enhance performance through the 

introduction of a novel design model, utilizing location 

strategies, flow optimization, and transport fleet 

management to inform the final model.  

Ultimately, this research aims to maximize profits, 

minimize carbon emissions, and facilitate optimal 

decision-making in configuring distribution networks. A 

multi-objective design model is proposed, specifically 

tailored to enhance last-mile delivery operations. This 

model is formulated as a Mixed-Integer Linear 

Programming (MILP) problem. To address this model, 

the K-means clustering technique is utilized to effectively 

group customers based on varying characteristics. The 

resulting clusters serve as inputs for the distribution 

network design, while the e-constraint approach is 

employed to transform the bi-objective model into a 

single-objective equivalent. Furthermore, a fuzzy 

possibilistic method is applied to manage the uncertainties 

associated with transfer times in the model. This 

framework is tested on a real-world case involving 

Bonakchi Company, enabling the extraction of valuable 

managerial insights. 

The case of Bonakchi’s edible oils underscores the 

importance of sector-specific adaptations in distribution 

network design. For instance, optimizing fleet 

composition to include temperature-controlled vehicles or 

prioritizing shorter routes for highly perishable oils can 

significantly reduce spoilage and enhance customer 

satisfaction. Our work highlights how data-driven 

approaches can bridge the gap between generic logistics 

models and the nuanced demands of specialized products, 

paving the way for more resilient and responsive supply 

chains in the food and chemical sectors. 

For future research, competition can be added to the 

existing assumptions when different networks are 

responsible for fulfilling the customers demand. Including 

inventory decisions is also an interesting addition to the 

model. The use of robust and stochastic optimization 

programming is also recommended for enthusiastic 

researchers to analyzed the other type of uncertainties in 

input parameters. Finally, the development of heuristic or 

meta-heuristic methods, especially during greater 

disruptions, can be beneficial for solving the model in 

large-scales. 
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