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EXECUTIVE SUMMARY 

The last mile problem of E-grocery Distribution comprises one of the most costly and highest 

polluting components of the supply chain in which companies deliver goods to end customers. To 

reduce transport cost and fuel emissions, a new element of ground-based delivery services, 

autonomous delivery vehicles (ADVs), is included in the E-grocery distribution system for 

improving delivery efficiency. Thus, the objective of this study is to optimize a two-echelon 

distribution network for efficient E-grocery delivery, where conventional vans serve the delivery 

in the first echelon and ADVs serve delivery in the second echelon. The problem is formulated as 

a two-echelon vehicle routing problem with mixed vehicles (2E-VRP-MV) with a nonlinear 

objective function, in which the total transport and emission costs are optimized. This optimization 

is based on the flow assignment at each echelon and to realize routing choice for both the van and 

ADV. A two-step clustering-based hybrid Genetic Algorithm and Particle Swarm Optimization 

(C-GA-PSO) algorithm is proposed to solve the problem. First, the end customers are clustered to 

the intermediate depots, named satellites, based on the minimized distance and maximized 

demand. To enhance the efficiency of resolving the 2E-VRP-MV-model, a hybrid GA-PSO 

algorithm is adopted to solve the vehicle routing problem. Computational results of up to 21, 32, 

50, and 100 customers show the effectiveness of the methods developed here. At last, the impacts 

of the layout of the depot-customer and customer density on the total cost are analyzed. This study 

sheds light on the tactical planning of the multi-echelon sustainable E-grocery delivery network.   
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1.0 INTRODUCTION 

Fast and cost-efficient delivery of goods ordered online to customers is an unmet problem that 

many companies are facing with. To bridge the last mile to customers, new technologies are 

needed. One technology-driven opportunity that has recently received much attention is the 

deployment of autonomous delivery vehicles (ADVs) to support parcel delivery. An important 

advantage of an ADV compared to a regular delivery van is that it can operate without an expensive 

human driver. Another advantage is that ADVs can travel on congested roads without significant 

delay by using the sidewalk. ADVs also referred to as delivery robots, have the potential to reduce 

urban emissions for the last-mile delivery to customers as ADVs are powered by batteries.  

However, although several companies, including Amazon, Kroger, and Walmart, are currently 

running practical trials to investigate the use of ADVs for parcel delivery, there are several inherent 

limitations to the successful use of ADVs, such as low speed and limited capacity. Sensitivity 

analysis between ADVs capacity and total costs indicate a strong relationship—the overall cost 

will decrease with the increased number of compartments in an ADV [1]. Additionally, as ADV 

is battery-powered, the range of an ADV likely remains limited, compared to a regular, fuel-based 

delivery van. A conventional delivery van, on the contray, has a longer range and a greater 

capacity. Currently, conventional vans perform the majority of urban logistical activities. 

However, their long-range delivery and large-volume gas consumption may produce high 

emissions. Therefore, to take the advantages of ADV and van, one way is to allow them to 

collaborate with each other. A combined van-ADV delivery system (V-ADV) can be used in E-

grocery logistics planning to enhance the delivery efficiency and overcome their respective 

drawbacks. In other words, we can combine the advantages of conventional vans (large volume 

and low cost) with the advantages of the ADVs (low emissions and flexibility). 
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Table 1. Parameters of ADVs Currently Used in Some Companies 

Company Name Product Specification Testing Area Delivery Item Travel Lane 

Nuro R1 
11500 pounds (680 kgs), 25 mph, half the 

width of a Toyota Corolla 

Arizona, 

Houston 

Groceries 

from Kroger, 

pizza from 

Domino's 

Road 

Neolix  
21 m width, volume 2.4 cum, speed 50 km/h, 

100 km cruising range 
China   

Refraction 

AI 
REV-1 

3ADV-cycle, 4-foot tall 80 pounds, 15 mph, 

16 cubic feet 

Ann Arbor, 

Michigan 
Food 

Sidewalk/Bike 

lane 

Amazon 4 Scout  Washington  Sidewalk 

Udelv Newton 5 60 mph, 800+ lbs capacity Oklahoma Walmart Road 

Baidu 
6 Apollo 

3.5 
 San Francisco Walmart  

Marble Eat 24 
7 4 feet tall, travels 3–4 mph and can hold up 

to four grocery bags 
San Francisco  Sidewalk 

Starship  

8 20 pounds of cargo, delivery radius of 3 to 4 

miles and can travel a maximum speed of 4 

mph 

College 

campuses 
Food Sidewalk 

Teleretail Aito/Pulse 9 33 inches wide, weighing up to 77 lbs Switzerland  Sidewalk 

Source: 1 http://www.digitaljournal.com/tech-and-science/technology/startup-nuro-s-self-driving-vehicle-bypasses-usa-safety-

rules/article/566652;  
2 https://www.forbes.com/sites/davidsilver/2019/06/04/neolix-accelerates-the-autonomous-delivery-rush/#3fec3dfc95a8;  
3 https://www.iottechtrends.com/autonomous-delivery-vehicle-bicycle/;  
4https://www.theverge.com/2019/8/9/20798604/amazon-scout-robot-delivery-irving-southern-california-expansion-prime;  
5 https://www.udelv.com/ 
6 https://venturebeat.com/2020/03/04/silc-technologies-raises-12-million-for-long-range-lidar-sensors/ 
7 https://www.roboticsbusinessreview.com/rbr/marble_delivery_robots_yelp_eat24/ 
8 https://talkbusiness.net/2016/04/starship-land-drone-being-tested-at-university-of-arkansas-for-final-mile-delivery/ 
9 https://www.bdcnetwork.com/thyssenkrupp-tests-self-driving-robot-%E2%80%98last-mile%E2%80%99-delivery-elevator-

parts 

 

From the perspective of a freight transportation planning, this innovative concept creates a 

planning and optimization problem on last-mile delivery. This optimization problem involves 

volume assignment decisions and routing decisions. The volume assignment to both van and 

ADV need to be optimized to achieve the lowest logistics cost, while the routing decisions 

determine the sequence in which the customers allocated to each vehicle are visited. Figure 1 

illustrates an example of such a network that freight delivered from the depot to the customers 

is managed by satellites. Thus, the transportation network is decomposed into two levels: the 

first echelon that connects the depot to the satellites and the second echelon bridging the satellites 

to the customers. In this example, four customers are designed to be served from one depot. 

There are two ways to serve customers. One way is to use traditional delivery van, as shown in 

Figure 1(a). The van departures from the depot, it visits all the customers and returns to the 

depot. Another way is to adopt V-ADV as shown in Figure 1(b). The delivery van departures 

from the depot, it visits all the satellites and returns to the depot on the first echelon. Then, the 

ADV departs from the satellite, it visits all the customer and return to the satellite on the second 

http://www.digitaljournal.com/tech-and-science/technology/startup-nuro-s-self-driving-vehicle-bypasses-usa-safety-rules/article/566652
http://www.digitaljournal.com/tech-and-science/technology/startup-nuro-s-self-driving-vehicle-bypasses-usa-safety-rules/article/566652
https://www.forbes.com/sites/davidsilver/2019/06/04/neolix-accelerates-the-autonomous-delivery-rush/#3fec3dfc95a8
https://www.iottechtrends.com/autonomous-delivery-vehicle-bicycle/
https://www.theverge.com/2019/8/9/20798604/amazon-scout-robot-delivery-irving-southern-california-expansion-prime
https://www.udelv.com/
https://venturebeat.com/2020/03/04/silc-technologies-raises-12-million-for-long-range-lidar-sensors/
https://www.roboticsbusinessreview.com/rbr/marble_delivery_robots_yelp_eat24/
https://talkbusiness.net/2016/04/starship-land-drone-being-tested-at-university-of-arkansas-for-final-mile-delivery/
https://www.bdcnetwork.com/thyssenkrupp-tests-self-driving-robot-%E2%80%98last-mile%E2%80%99-delivery-elevator-parts
https://www.bdcnetwork.com/thyssenkrupp-tests-self-driving-robot-%E2%80%98last-mile%E2%80%99-delivery-elevator-parts
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echelon. Here, we assume that the satellites are generated randomly from the customers. It can 

be seen that by serving four customers with an ADV instead of a van, the distance traveled by 

the van can be reduced while increasing the total travel distance. However, if the emission cost 

is considered (varied according to the distance), the total network cost might change.  

Therefore, to better understand the related planning problems and potential benefits of the V-

ADV, there is a need for new models to optimize the combined V-ADV two-echelon vehicle 

system. However, few research developed relevant models and algorithms. Therefore, the 

present study aimed at filling this gap by developing a new formula to evaluate the performance 

of the V-ADV delivery system. To model the flow assignment and the route choice, we approach 

the modeling problem as a two-echelon vehicle routing problem with mixed vehicles (2E-VRP-

MV) and use a clustering-based hybrid genetic algorithm (C-GA-PSO) to solve the 2E-VRP-

MV.  

Several numerical instances are also tested with different characteristics and sizes to verify the 

performance of the proposed C-GA-PSO, and the impact of layout of depot-customer and 

customer densities on the total cost are analyzed in the last section. 

 

 
Figure 1. An Example of a Two-Echelon Delivery Network with Mixed Vehicle
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2.0 LITERATURE REVIEW 

Many innovative concepts and technologies for people transportation and freight delivery have 

recently been developed to address the issues of excessive traffic, pollution, and high 

transportation costs in large urban areas. Different aspects of city logistics have been 

systematically reviewed by Neghabadi et al. (2019) [2]. Among those technologies that focus 

especially on freight transportation, electric vehicles-based freight transport [3–4], drone-based 

good delivery [5], deliver packages into car trunk [6], and truck-based autonomous robots [7], are 

most studied. Recently, a new type of delivery robot is tested in the State of Arizona. It carries a 

certain weight of groceries and can operate on sidewalks and crosswalks. However, few studies 

are related to the utilization of ADV in E-grocery delivery. Only two publications authored by 

Jennings and Figliozzi [8] and Boysen et al. [9] are closely related to the topic of this paper. 

Jennings and Figliozzi firstly discussed current regulations on autonomous delivery vehicles in the 

US and summarized the existing delivery devices and their capabilities. Besides, they estimated 

the number of customers and delivery time served by a special delivery van and an autonomous 

delivery robot. Nils Boysen et al. [9] proposed a scheduling procedure that determines the truck 

route along with the drop-off points of the robot. They formulated it as a truck and trailer routing 

problem that would minimize the number of late deliveries, which is a two-echelon vehicle routing 

problem (2E-VRP). 

    The 2E-VRP was initially proposed by González-Feliu et al. [10]. It has also been widely used 

by Teodor Gabriel Crainic et al. [11], Perboli et al. [12], Baldacci et al. [13], Santos, Mateus, and 

da Cunha [14], Grangier et al. [15], and Lin et al. [16]. All these studies have one common 

characteristic, which is that the transport cost is the only optimized objective, without considering 

the emission cost. Govindan (2014) proposed a two-echelon location-routing problem for the 

design of sustainable supply chain networks. This design considered the vehicle type, load, and 

environmental effect [17]. In another study of 2E-VRP led by Soysal (2015), the traveled distance, 

vehicle speed, vehicle type, load, and emissions were added [18]. However, only one kind of 

vehicle is considered. If considering more vehicles, 2E-VRP would be a generalization of the 

multi-depot VRP (MDVRP). The classical VRP deals with the optimal delivery route-designing 

problem, where there are only one central depot and one route, and the characteristics for each 

vehicle are the same [19]. This classical VRP has been expanded by considering the addition of 

real-life characteristics. One possible extension of this problem is the varying number of depots 

when there are more than two, thus the VRP is expanded to an MDVRP. The techniques that are 

most commonly used for solving an MDVRP include exact approaches, constructive heuristics, 

and metaheuristics.  

However, nearly all these techniques are metaheuristics and heuristics, this is because within a 

reasonable computing time no exact algorithm can be guaranteed to have the optimal tours when 

there are a huge number of customers, also because of the NP-hardness of the problem [20]. For 

instance, Feliu et al. [21] and Baldacci [22] used an exact branch-and-cut algorithm to solve a 2E-

VRP. As the sized data sets, in reality, are rarely optimally solved by exact methods, the 

metaheuristics method becomes the only method of choice on most occasions [23], such as genetic 

algorithm (GA) [24], tabu search [25], iterated local search [26], adaptive large neighborhood 

search [27], variable neighborhood search [28], hybrid heuristic algorithm [29].  
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    As far as the problem we are studying here is concerned, it is a new phenomenon in parcel 

delivery. There are no appropriate models and algorithms to be opted. Therefore, in this study, we 

develop new models and innovative algorithms to improve the understanding of the potential 

benefits of V-ADV. The contributions of the present study,   

which identify the differences between our research and related studies, are as follows: 

• First, a sustainable urban E-grocery distribution network is designed, integrating 

conventional van and ADV. A novel integrated programming model targeting a 2E-VRP-

MV is presented, which simultaneously considers transport, emission, and handling costs. 

The capacity constraints of conventional vans, ADVs, and different satellites are 

illustrated. 

• Second, a two-stage metaheuristic C-GA-PSO algorithm is developed for 2E-VRP-MV, 

which consists of k-means clustering and an MDVRP. To enhance the efficiency of 

resolving the 2E-VRP-MV-model, we proposed a hybrid GA-PSO algorithm to solve the 

vehicle routing problem. 

• Third, experiments were performed to show how our proposed algorithm works and how 

the depot-customer layout and customer density impact on the total logistics cost when 

adopting a V-ADV. 
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3.0 PROBLEM DESCRIPTION AND MATHEMATICAL 

FORMULATION 

3.1 PROBLEM DESCRIPTION 

In this two-echelon routing problem with mixed vehicles, the first echelon is the delivery route 

from the depot to the satellite by conventional van and the second echelon is the delivery route 

from the satellites to the customers by ADVs. A limited number of vehicles are set to travel at 

each level. The objective of our study is to minimize the total cost of travel and emission of the 

network. We assume that the sites of the satellites and customers are known, however, the 

customers are not allocated to any satellite in advance.  

    The 2E-VRP-MV is first reduced to a network graph W Here, there are three subsets of nodes: 

depots (𝑃𝑂 ), customers (𝑃𝐹 ), and satellites (𝑃𝑆 ). We have N = 𝑃𝑂  ∪  𝑃𝑆  ∪  𝑃𝐹 , 𝑁1 = 𝑃𝑂  ∪
 𝑃𝑆 , 𝑁2 = 𝑃𝑆 ∪ 𝑃𝐹  . Accordingly, the two-echelon delivery routes are distinguished: the first-

echelon delivery route ( 𝑖, 𝑗 ), 𝑖, 𝑗 ∈  𝑁1  and the second-echelon route (𝑖 , 𝑗 ), 𝑖, 𝑗 ∈  𝑁2 . In the 

beginning, the delivery amounts to a satellite are not known and these amounts for each satellite 

are calculated after the customers are allocated to the corresponding satellites. A limited fleet of 

conventional vans 𝑉𝑣𝑎𝑛 serve with the capacity of 𝑄𝑣𝑎𝑛 in the first- echelon and a limited fleet of 

ADVs  𝑉𝐴𝐷𝑉  serve with the capacity of 𝑄𝐴𝐷𝑉 in the second-echelon, and  𝑄𝑣𝑎𝑛  >  𝑄𝐴𝐷𝑉 . Each 

satellite 𝑠𝑖 is supposed to have its own capacity 𝑍𝑠𝑖
. The problem is how to allocate customers to 

the appropriate satellites at second-echelon and how to determine the van routes in the first-

echelon and ADV routes in the second-echelon with a minimum total cost. Thus, the objective 

of this study is to minimize the total operational cost including transportation and emission costs. 

In our model, the fixed costs of the van and ADV are not considered because we suppose that 

they are available in a certain number.  

To summarize: 

• Each vehicle is allocated at most one route. 

• Each first-echelon trip must begin/end at the same open depot.  

• Each second-echelon trip must begin/end at the same satellite. 

• Each customer’s demand cannot be split among different ADVs at the second echelon. 

In this way, each customer must be visited by one ADV. 

• Each satellite’s demand could be split among different vans at the first echelon and each 

satellite could be visited by two or more vans. 

The total requirements of the customers allocated to a satellite must not exceed the capacity of 

the satellite.  
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3.2 MATHEMATICAL FORMULATION 

 
Table 2. Model's Parameters 

𝑃𝑂 = {𝑃𝑜} Set of depots  

𝑃𝑓  ={𝑃𝑓1
, 𝑃𝑓2

, … , 𝑃𝑓𝑛𝑓
} Set of customers 

𝑃𝑆  = 

{𝑃𝑠1 , 𝑃𝑠2 , … , 𝑃𝑠𝑛𝑠
 } 

Set of satellites 

𝑉 Set of vehicle types {𝑉𝑣𝑎𝑛, 𝑉𝐴𝐷𝑉} 

𝑄𝑣𝑎𝑛  

𝑄𝐴𝐷𝑉  

Capacity of the van on the first level  

Capacity of the ADV on the second level  

𝑚𝑣𝑎𝑛 

𝑚𝐴𝐷𝑉  

𝑚𝑠𝑘
𝐴𝐷𝑉  

𝑛𝑠 

𝑛𝑓 

𝑍𝑘  

𝜑𝑖𝑗
𝑣𝑎𝑛 

𝜑𝑖𝑗
𝐴𝐷𝑉  

𝐻𝑘  

𝑙𝑖𝑗
𝑣𝑎𝑛 

𝑙𝑖𝑗
𝐴𝐷𝑉  

 

Number of the first-level vans 

Number of the second level ADVs 

Maximum number of the second-echelon tours starting from satellite 𝑠𝑘  

Number of satellites 

Number of customers 

Capacity of satellite 𝑘, 𝑘 ∈ 𝑃𝑆 

Unit emission cost (per mile) per vehicle between the node i and j, (i, j) ∈N_1 

Unit emission cost (per mile) per vehicle between the node i and j, (i, j) ∈N_2 

Cost of handling operations of a unit of freight in satellite k 

Travel distance in the arc (i,j)∈N_1 in the first echelon 

Travel distance in the arc (i,j)∈N_2 in the second echelon 

𝑑𝑙 Demand from a customer l, 𝑙 ∈ 𝑃𝐹 

𝐶𝑖𝑗
𝑣𝑎𝑛 

𝐶𝑖𝑗
𝐴𝐷𝑉  

Unit transport cost (per mile) per vehicle between the node i and j, (i, j) ∈ 𝑁1  

Unit distance cost (per mile) per vehicle between the node i and j using, (i, j) ∈ 𝑁2 

 

 

 

 

 

 

 

 

 

 

 



 

9 

 

Table 3. Model's Decision Variables 

𝑥𝑖𝑗  

 

Number of vans traverses arc (𝑖, 𝑗) ∈ 𝑁1 in the first echelon 

𝑦𝑖𝑗𝑘
𝐴𝐷𝑉  

{

1, if an ADV traverses arc (𝑖, 𝑗)               
 ∈ 𝑁2 in the second − echelon              

starting from satellite 𝑘                 
0, otherwise                                                 

 

𝑧𝑘𝑗 
{
1, if customer 𝑗 is allocated to              

satellite 𝑘, 𝑘 ∈ 𝑃S                      
0, otherwise                                              

 

𝜇𝑖𝑗
𝑣𝑎𝑛 Flow traverses arc (𝑖, 𝑗) ∈ 𝑁1 in the first echelon 

𝜇𝑖𝑗𝑘
𝐴𝐷𝑉  Flow traverses arc (𝑖, 𝑗) ∈ 𝑁2 in the second echelon coming from satellite 𝑘 

 

Table 4. Mathematical Model of 2E-VRP-MV 

Min ∑ ∑  𝐶𝑖𝑗
𝑣𝑎𝑛𝑙𝑖𝑗

𝑣𝑎𝑛𝑥𝑖𝑗𝑗∈𝑁1𝑖∈𝑁1
+ ∑ ∑ ∑  𝐶𝑖𝑗

𝐴𝐷𝑉𝑙𝑖𝑗
𝐴𝐷𝑉𝑦𝑖𝑗𝑘

𝐴𝐷𝑉  𝑗∈𝑁2𝑖∈𝑁2𝑘∈𝑃𝑆
+ ∑ ∑  𝜑𝑖𝑗

𝑣𝑎𝑛𝑙𝑖𝑗
𝑣𝑎𝑛𝑥𝑖𝑗𝑗∈𝑁1𝑖∈𝑁1

+

∑ ∑ ∑  𝜑𝑖𝑗
𝐴𝐷𝑉𝑙𝑖𝑗

𝐴𝐷𝑉𝑦𝑖𝑗𝑘
𝐴𝐷𝑉  𝑗∈𝑁2𝑖∈𝑁2𝑘∈𝑃𝑆

+ ∑ 𝐻𝑘𝑘∈𝑃𝑆
∑ 𝑑𝑗𝑗∈𝑃𝐹

𝑧𝑗𝑘   

(1) 

Subject to 
 

∑ 𝑥𝑜𝑗 ≤ 𝑗∈𝑁1
𝑚𝑣𝑎𝑛 ∀ 𝑜 ∈ 𝑃𝑂   (2) 

∑ 𝑥𝑗𝑘 = ∑ 𝑥𝑘𝑗𝑗∈𝑃𝑆𝑗∈𝑃𝑆
 ∀ 𝑘 ∈ 𝑁1 (3) 

∑ 𝑦𝑘𝑗𝑘
𝐴𝐷𝑉 ≤ 𝑗∈𝑃𝐹

𝑚𝐴𝐷𝑉  ∀ 𝑘 ∈ 𝑃𝑠    (4) 

∑ 𝑦𝑘𝑗𝑘
𝐴𝐷𝑉 ≤ 𝑗∈𝑃𝐹

𝑚𝑠𝑘
𝐴𝐷𝑉  ∀ 𝑘 ∈ 𝑃𝑠 (5) 

∑ 𝑦𝑘𝑗𝑘
𝐴𝐷𝑉 = ∑ 𝑦𝑗𝑘𝑘

𝐴𝐷𝑉
𝑗∈𝑃𝐹𝑗∈𝑃𝐹

 ∀ 𝑘 ∈ 𝑃𝑠  
(6) 

∑ 𝜇𝑖𝑗
𝑣𝑎𝑛

𝑖∈𝑁1
-∑ 𝜇𝑗𝑖

𝑣𝑎𝑛
𝑖∈𝑁1

  ∑ 𝜇𝑗𝑖
𝑣𝑎𝑛

𝑖∈𝑁1
  = {

∑ 𝑑𝑙𝑙∈𝑃𝐹
𝑧𝑗𝑙    𝑗 𝑖𝑠 𝑛𝑜𝑡 𝑎 𝑑𝑒𝑝𝑜𝑡

∑ −𝑑𝑙𝑙∈𝑃𝐹
 𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒             

  ∀𝑗 ∈  𝑁1, 𝑖 ≠ 𝑗 (7) 

∑ 𝜇𝑖𝑗𝑘
𝐴𝐷𝑉

𝑖∈𝑃𝐹∪𝑘 -∑ 𝜇𝑗𝑖𝑘
𝐴𝐷𝑉

𝑖∈𝑃𝐹∪𝑘   ={
𝑧𝑘𝑗 𝑑𝑗     𝑗 𝑖𝑠 𝑛𝑜𝑡 𝑎 𝑠𝑎𝑡𝑒𝑙𝑙𝑖𝑡𝑒

−∑ 𝑑𝑙𝑙∈𝑃𝐹
𝑧𝑗𝑙  𝑜𝑡ℎ𝑒𝑟𝑤𝑖𝑠𝑒 

 ∀ 𝑗 ∈ 𝑁2, 𝑘 ∈ 𝑃𝑠, 𝑖 ≠ 𝑗 (8) 

𝜇𝑖𝑗
𝑣𝑎𝑛 ≤ 𝑄𝑣𝑎𝑛𝑥𝑖𝑗  ∀ 𝑖, 𝑗 ∈ 𝑁1, 𝑖 ≠ 𝑗 (9) 

𝜇𝑖𝑗𝑘
𝐴𝐷𝑉 ≤ 𝑄𝐴𝐷𝑉𝑦𝑖𝑗𝑘

𝐴𝐷𝑉  ∀𝑖, 𝑗 ∈ 𝑁2, 𝑘 ∈ 𝑃𝑠, 𝑖 ≠ 𝑗 (10) 

𝑦𝑖𝑗𝑘
𝐴𝐷𝑉 ≤ 𝑧𝑘𝑗  ∀ 𝑖 ∈ 𝑁2, 𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑃𝑠   (11) 

𝑦𝑗𝑖𝑘
𝐴𝐷𝑉 ≤ 𝑧𝑘𝑗  ∀ 𝑖 ∈ 𝑃𝑆, 𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑃𝑠  (12) 

𝑧𝑗𝑘 = ∑ 𝑦𝑖𝑗𝑘
𝐴𝐷𝑉

𝑖∈𝑁2
 ∀ 𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑃𝑠  (13) 
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𝑧𝑗𝑘 = ∑ 𝑦𝑗𝑖𝑘
𝐴𝐷𝑉

𝑖∈𝑃𝑠
 ∀ 𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑃𝑠  (14) 

∑ 𝑧𝑖𝑗𝑖∈𝑃𝑠
= 1 ∀ 𝑗 ∈ 𝑃𝐹   (15) 

𝑦𝑘𝑗𝑘
𝐴𝐷𝑉 ≤ ∑ 𝑥𝑘𝑢𝑢∈𝑁1

, ∀𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑃𝑠   (16) 

𝑥𝑖𝑗 ∈Z+, ∀ 𝑖, 𝑗 ∈ 𝑁1 (17) 

𝑦𝑖𝑗𝑘
𝐴𝐷𝑉 ∈ {0,1} ∀𝑖, 𝑗 ∈ 𝑃𝐹  𝑘 ∈ 𝑁2  (18) 

𝑧𝑘𝑗 ∈ {0,1} ∀ 𝑗 ∈ 𝑃𝐹 , 𝑘 ∈ 𝑁2   (19) 

𝜇𝑖𝑗
𝑣𝑎𝑛 ≥ 0 ∀ 𝑖, 𝑗 ∈  𝑁1  (20) 

𝜇𝑖𝑗𝑘
𝐴𝐷𝑉 ≥ 0 ∀ 𝑖, 𝑗 ∈ 𝑁2, 𝑘 ∈ 𝑃𝑠  (21) 

 

The objective function (1) minimizes the total transportation cost by adopting V-ADV. Constraint 

(2) sets a van-number limitation on the first echelon. Constraint (3) ensures that the number of 

entering and leaving vehicles to each satellite is the same; when k=P_O, the first echelon begins 

and ends at the depot. Constraint (4) sets the limitation of the ADV number on the second echelon. 

Constraint (5) sets the limitation of the satellite capacity. Constraint (6) forces each route on the 

second echelon to begin and end at one satellite. Constraint (7) shows that the amount of delivery 

on each node on the first echelon should comprise the demand of this node, except for the depot 

where the amount of delivery should comprise the total requirements of the customers. Constraint 

(8) shows the flow balance at satellites on the second echelon, where the amount of delivery 

comprises the requirement (unknown) allocated to the satellites. Furthermore, constraints (7) and 

(8) forbid the sub-tours leaving from the depot or a satellite, respectively. The amount of flow 

received at each node equals to its demand. Constraints (9) and (10) place limitations to the 

capacity, for the first and second echelons, respectively. Constraints (11) and (12) indicate that a 

customer j is assigned to a satellite k only if it receives from the same satellite. Constraints (13) 

and (14) show that there is only one ADV serving each customer, and it imposes the limitation that 

an ADV travels from a satellite k to a customer j if the customer is allocated to that satellite. 

Constraint (15) ensures that each customer must be allocated to only one satellite. Constraint (16) 

shows a second echelon route starting from a satellite k only if a first echelon route has served it. 

Constraints (17) and (21) define the domains of the variables. 
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4.0 METHODOLOGY 

A two-stage method is adopted for the 2E-VRP-MV. First, we allocate customers to the satellites, 

thus decomposing the problem into several VRPs. Second, we address a multi-depot VRP. We 

propose a clustering-based hybrid genetic C-GA-PSO to solve the 2E-VRP-MV. The detailed steps 

are explained below. Figure 2 shows the flowchart of the C-GA-PSOs.    

 

 
Figure 2. Flowchart of the C-GA-PSOs for 2E-VRP-MV 

4.1 INITIALIZATION 

Firstly, a path representation is used to encode the chromosomes for the solution of the 2E-VRP-

MV, in which the customers are sequenced in order of a visit. To find a workable result for the 

optimization process, three basic steps: grouping, routing, and scheduling are generated. Figure 3 
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shows an illustrative example. There are eight customers need to be visited by ADVs. The ADVs 

will require two routes to visit all the customers if the path representation for this example starts 

at 𝑺𝑨 𝒂𝒏𝒅 𝑺𝑩. The first route starts from the satellite at 𝑺𝑨 and then serves customers 3, 1, and 5. 

After it serves all the customers, the ADV returns to the satellite 𝑺𝑨.  In the same way, the second 

route starts from the satellite at 𝑺𝑩, serves customers 4, 7, 6, and goes back to the satellite 𝑺𝑩.  

 

 

Figure 3. Chromosome Representation and Initial Population 

 

4.1.1 K-Means Clustering 

The initial clustering of the customer is based on a simple distance-based rule. 

• Step 1: Determine the number of clusters, k. 

• Step 2: Initialization. Assign customer i arbitrarily to the centroid of each cluster. 
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• Step 3: Cluster Assignment. For a customer location (𝑥𝑃𝑓𝑖
, 𝑦𝑃𝑓𝑖

) and a cluster’s centroid (𝑥𝑃𝑠𝑖
, 

𝑦𝑃𝑠𝑖
), the Euclidean distance between them is given by: 

𝜃(𝑃𝑓𝑖
, 𝑃𝑠𝑖

) = √(𝑥𝑃𝑓𝑖
− 𝑥𝑃𝑠𝑖

)
2

+ (𝑦𝑃𝑓𝑖
− 𝑦𝑃𝑠𝑖

)
2

                                                                                       (22)  

 

The assignment must be feasible with respect to the fleet-size restriction. 

• Step 4: Centroid update. 

• Step 5: Repeat step three and four until the assignment has not changed. 

 

4.1.2 Improvement of K-Means Clustering 

If the distance is the only factor to be considered when customers are clustered, we might not have 

the optimal clustering result. This is because customers that have smaller demand may be allocated 

to a cluster first, while the customers with larger demand have not allocated yet, which may lead 

to a generation of other clusters. An improved k-means algorithm is proposed to overcome this 

problem [30]-[32]. Two factors should be considered when customers are allocated to the nearest 

cluster - maximum demand and minimum distance; therefore, customers with bigger orders will 

be allocated to the cluster first, then the customers with smaller orders will be allocated to other 

clusters easily.  

 

• Step 1: Initialize k. 

First, we have to specify the numeric value of k and then randomly select k objects from data as 

initial centers. Now we can select k satellites as initial centroid as the default value. This calculation 

is based on the demand (𝒅𝒊) of the customer and the capacity of the satellite (𝒁𝒔𝒊
) as: 

 k=[
∑ 𝒅𝑷𝒇𝒊

𝑷𝒇𝒊
∈𝑷𝑭

𝒁𝒔𝒊

⁄ ]                                                                          (23)  

    The initial k centroids are selected by sorting the customers based on their demand in their 

decreasing order: 

 𝒅𝑷𝒇𝟏
> 𝒅𝑷𝒇𝟐

 > 𝒅𝑷𝒇𝟑
 > 𝒅𝑷𝒇𝒊

, 𝑷𝒇𝒊
∈ 𝑷𝑭.  

• Step 2: Assign the customer. 

Calculate the Euclidean distances between each customer to all the k centroids. Group all the 

customers 𝑷𝒇𝒊
 to the closest centroid j. Calculate a priority value to find the appropriate centroid j 

for 𝑷𝒇𝒊
: 

𝜹𝑷𝒇𝒊
= 𝜽(𝑷𝒇𝒊

, 𝑷𝒔𝒊
)/ 𝒅𝑷𝒇𝒊

                                                                                         (24) 

    The selected 𝑷𝒇𝒊
 that has the highest priority of having the centroid j, is allocated based on the 

constraint (10). If the constraint (10) is not satisfied, the selected 𝑷𝒇𝒊
 will be allocated to the next 

nearest centroid based on (10) and (23). 

We used the Euclidean distance to calculate the distance between the customers and centroid as 

(21). The detailed algorithm is shown below. 
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Table 5. An Improved Algorithm of K-means Clustering 

Input:  

• Coordinates (𝑥𝑖, 𝑦𝑖)  

• Demands 𝑑𝑖 

• Customer 𝑃𝑓𝑖
 

Output:  

• k clusters  

Procedure: 

• Calculate k using (23)  

• Select k satellites as the initial centroid  

while each customer 𝑃𝑓𝑖
 ∈ 𝑃𝐹 is not converged  

while 𝑃𝑓𝑖
 is not allocated  

• Sort the demand of customers from high to low and measure the Euclidean distance to each cluster 

k.  

• Assign the nearest centroid of 𝑃𝑓𝑖
 as m.  

• Group all unallocated requesters as G with m as their nearest centroid. 

• Calculate the priority value for 𝑃𝑓𝑖
∈ G using (24). 

• Assign 𝑃𝑓𝑖
 to their nearest centroid based on the priority value without violating the vehicle’s 

capacity. 

• Update 𝑧𝑘𝑗  

If 𝑷𝒇𝒊
 is not allocated, then the next nearest centroid will be chosen. 

end if  

end while  

end for 

Update the new centroid based on the clusters generated before using 

𝑥𝑗=
∑ 𝑥𝑚

𝑗
𝑚=1

𝑛𝑗
 

and 𝑦𝑗 =
∑ 𝑦𝑚

𝑗
𝑚=1

𝑛𝑗
 

where (𝑥𝑗 , 𝑦𝑗) represents the j
th

 centroid and 𝑛𝑗 represents the number of customers in cluster j. 

end while 

 

4.1.3 Routing 

We used the saving method of Clarke and Wright [33] to allocate the customers in the same group 

to several routes. The cost-saving regarded in our study is the distance traveled by the vehicles to 

serve the customers. A saving matrix S (𝑃𝑓𝑖
, 𝑃𝑓𝒋

) is constructed for every two customers 𝑃𝑓𝑖
, 𝑃𝑓𝑖

 in 

the same group first. Then, if the constraints of the vehicle-capacity are not violated, the customers 

with larger cost-saving values are assigned in the same route. Each customer 𝑃𝑓𝑖
 is allocated to a 

single satellite 𝑃𝑠𝑖
 only. The saving matrix is constructed as: 

S (𝑷𝒇𝒊
, 𝑷𝒇𝒋

)= 𝜽(𝑷𝒔𝒊
, 𝑷𝒇𝒊

) + 𝜽 (𝑷𝒔𝒊
, 𝑷𝒇𝒋

) − 𝜽 (𝑷𝒇𝒊
, 𝑷𝒇𝒋

) 
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4.1.4 Scheduling 

The scheduling problem is solved by the nearest neighbor heuristic [34]. The principle of the 

nearest neighbor heuristic is to start randomly with the first customer. Then, the next customer is 

scheduled as close as possible to the previous customer from those unselected ones to generate the 

delivery sequence until all the customers are scheduled. 

 

4.2 APPLICATION OF GA-PSO TO THE GIVEN MDVRP 

GAs emulate the mechanisms of natural selection by a procedure of randomized data exchange. 

GAs work by generating a population of numerical vectors called chromosomes. Each 

chromosome represents a possible solution to a problem. New chromosomes (solutions) are 

created by crossover or mutation. Solutions are then evaluated according to a fitness function. The 

fittest chromosome will survive, and the less fitting ones will be removed. The search process of 

GAs typically continues until a pre-defined fitting value is reached, or a set amount of computing 

time passes. When the number of iterations is large, GA-based algorithms provide better results 

than other algorithms. However, the GA algorithm will consume more time to reach the optimal 

solution due to the increasing number of iterations. The PSO algorithms provide better results than 

the other algorithms and in less time. However, the results may not be accurate due to the fast 

convergence rate, which may lead to a local optimal solution. A hybrid of PSO and GA algorithms 

(GA-PSO), has shown better performance than the GA or the existing algorithms alone [35]-[38]. 

The overall procedure of the applied GA-PSO is described below. 

 
Table 6. Algorithm GA-PSO 

Step 1. Initialize relevant parameters, such as the number of particles (pop_size), the number of 
PSO generations (Max_k), the maximum velocity of the particle 𝑣𝑚𝑎𝑥, the PSO weight coefficients 
(𝐶1 𝑎𝑛𝑑 𝐶2 ),   generation number (Max _Gen), the crossover and mutation probabilities, length 
of the chromosome. 
Step 2. Estimate the fitness function. 
Step 3. Gen = 1. 
Step 4. If Gen≤ Max _Gen, turn to step 5, otherwise change to step 16. 
Step 5. Sequence all individuals in descending order according to the fitness value. 
Step 6. Delete 1/3 of the individual with the worst fitness value. 
Step 7. Replicates the top 2/3 of the best-performing ones to form a new population. 
Step 8. Let k = 1. 
Step 9. If k ≤ Max_k, turn to step 10, otherwise, change to step 12. 
Step 10. Update the individual's speed and position with the formula (25) and (26). 
Step 11. k = k + 1, turn to step 9. 
Step 12. The pop_size particles are ranked according to the fitness values. 
Step 13. The crossover and the mutation operations are implemented respectively. 
Step 14. Combine the evolved particles and new particles to generate new pop_size individual. 
Step 15. Gen = Gen + 1, turn to step 4. 
Step 16. Output the optimal solution and function value. 
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4.3 EMHANCEMENT 

After initialization, new individuals on the next generation are created by enhancement. PSO is 

adopted to enhance individuals of the same generation. Here, the group constituted by the elites 

may be regarded as a swarm, and each elite corresponds to a particle in it (shown in Fig. 4). The 

enhancement operation tries to make the individuals more suitable to the environment after 

acquiring knowledge from society. Also, the generated offspring will achieve better performance 

by using enhanced operation than those offspring by original elites. 

    In PSO, each particle represents a solution in search space and has a position represented by 𝑦𝑖⃗⃗⃗  . 
They move with the velocity of each particle represented by a vector 𝑣𝑖⃗⃗⃗   and tend to find the best 

possible solution by changing the velocity according to rule inspired by bird flocking behavior. 

Each particle must maintain a memory of the last best-known position represented by 𝑝𝑖⃗⃗⃗  . Also, the 

best position among all the particles obtained so far is represented by 𝑝𝑔⃗⃗⃗⃗ . At each time step t, by 

using the individual best position 𝑝𝑖⃗⃗⃗  (𝑡)  and global best position 𝑝𝑔⃗⃗⃗⃗ (𝑡), a new velocity for particle 

i is updated by: 

𝑣𝑖⃗⃗⃗  (𝑡 + 1) = 𝑣𝑖⃗⃗⃗  (𝑡) +  𝐶1 𝛾1(𝑝𝑖⃗⃗⃗  (𝑡) − 𝑦𝑖⃗⃗  (𝑡)) +  𝐶2 𝛾2（𝑝𝑔⃗⃗⃗⃗ (𝑡) − 𝑦𝑖⃗⃗  (𝑡)      (25) 

Where  𝐶1 and 𝐶2 are positive constants and 𝛾1 and 𝛾2 are uniformly distributed random numbers 

in [0,1]. Based on updated velocities, the position of each particle changes 
𝑦𝑖⃗⃗  (𝑡 + 1) =  𝑦𝑖⃗⃗  (𝑡) + 𝑣𝑖⃗⃗⃗  (𝑡 + 1)                                                                                           (26) 

 

Based on formula (25) and (26), the population of particles tend to cluster together with each 

particle moving in a random direction. 

 

 
Figure 4. An Enhancement Procedure of Operators’ Selection 

4.4 EVALUATION 

Each solution in the population is evaluated using a measure of fitness to improve the solutions. 

The fitness measure we used is the objective function value in Eq. (1).   
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4.5 SELECTION 

The parents are selected for mating and reproduction during each generation. We use the 

tournament selection [39] to generate offspring in the population. This selection strategy is based 

on fitness evaluation. The selection procedure is referring to [40]. 

 
Table 7. Pseudo-code of Tournament Selection 

func tournament_selection (pop, k): 

best = null 

for i=1 to k 

ind = pop [random (1, N)] 

    if (best == null) or fitness (ind) > fitness (best) 

        best = ind 

return best 

 

4.6 CROSSOVER 

The crossover and mutation operations can ‘reshape’ the population, although tournament 

selection by itself generates a non-normal distribution, which makes the distribution to become 

more normal. The crossover operator adopted in our C-GA-PSOs is the modified order crossover 

based on classical order crossover (Gen and Cheng, 1997). The difference is that crossover points 

are selected in modified order crossover [41] instead of randomly selecting positions in a parent in 

classical order crossover. The modified ordered crossover behaves in the following way: 

 

Parent 1 

 
Parent 2 

 
 

After position selection: 

Parent 1 

 
Parent 2 

 
 

The generated pair of children are: 

Children 1 

 
Children 2 

 

Figure 5. Crossover Behavior 
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The Pseudo-code for the modified order crossover was as follows: 

 

Table 8. Pseudo-code of Modified Order Crossover 

Input: Parents 𝑎1 = [𝑎1,1, 𝑎1,2, … , 𝑎1,𝑛] and 𝑎2 = [𝑎2,1, 𝑎2,2, … , 𝑎2,𝑛] 

Output: Children 𝑏1 = [𝑏1,1, 𝑏1,2, … , 𝑏1,𝑛] and 𝑏2 = [𝑏2,1, 𝑏2,2, … , 𝑏2,𝑛] 
Initialize  

•   Initialize 𝑏1 and 𝑏2 being empty genotypes;  

•   Choose two crossover points p and q such that 1 ≤ p ≤ q ≤ n; 𝑗1 = 𝑗2 = k = q+1;  

i = 1;  

Repeat  

if 𝑎1,𝑖 {𝑎2,𝑝, …, 𝑎2,𝑞} then  𝑏1,𝑗1 =  𝑎1,𝑘;  𝑗1++;  

if 𝑎2,𝑖 {𝑎1,𝑝, …, 𝑎1,𝑞} then  𝑏2,𝑗1 =  𝑎2,𝑘;  𝑗2++;  

k=k+1;  

Until i ≤ n  

𝑏1 = [𝑏1,1, … 𝑏1,𝑝−1𝑎2,𝑝, … , 𝑎2,𝑞𝑏1,𝑝 … , 𝑏1,𝑛−𝑝 ] 

𝑏2 = [𝑏2,1, … 𝑏2,𝑝−1𝑎1,𝑝, … , 𝑎1,𝑞𝑏2,𝑝 … , 𝑏2,𝑛−𝑝 ] 

 

4.7 THE HEURISTIC MUTATION 

A better offspring can be produced with a heuristic mutation operator - the neighborhood technique 

(Gen and Cheng, 1997).  
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5.0 NUMERICAL EXPERIMENTS 

The C-GA-PSOs code is implemented in MATLAB R2019a on Intel core 2 Duo (2.00 GHz), 6GB 

RAM PC. Test data is referring to the benchmark instances generated in [42] [43]. The instances 

are generated by considering six pairs of randomly selected satellites from customers, the depot is 

internal to the customers’ areas. Considering the realistic layout of the satellites, the second data 

set is also obtained from the instances E-n22-k4, E-n33-k4, and E-n51-k5, but we consider six 

pairs of the satellites randomly chosen between the customers, while the satellite is border random 

selected from the customers. The third data set is obtained from Crainic et al. (2010), which 

comprises 12 instances with 100 customers. All instance sets can be downloaded from the website 

of OR-Library. The characteristics of the benchmark tests are shown in Figure 2. Per-mile CO2 

emissions costs and energy costs for the van and ADV are calculated based on the formula 

proposed by Feng and Figliozzi [44], the unit handling cost is referring to [45]. Considering most 

packages are less than 5 lbs (2.3 kg), it was assumed that the ADV could carry up to eight 

customers. A fully charged ADV will go up to 100 miles before needing overnight recharging. 

Table 9. Characteristics of the Benchmark Tests 

Set No. of 
instances 

Location of 
depot 

 

𝑛𝑠 𝑛𝑓  𝑚𝑣𝑎𝑛 𝑚𝐴𝐷𝑉  
 

𝑄𝑣𝑎𝑛 𝑄𝐴𝐷𝑉 Satellite 
distribution 

Customer 
distribution 

1 6 Internal of 
customers’ 
area 

2         21 1 4 1320 360 Random Christofides and 
Eilon (1969) E-
n22-k4 instance 

1 6 Internal of 
customers’ 
area 

3 32 1 4 1320 360 Random Christofides and 
Eilon (1969) E-
n33-k4 instance 

1 6 Internal of 
customers’ 
area 

2 50 1 5 1320 360 Random Christofides and 
Eilon (1969) E-
n51-k5 instance 

2 6 Internal of 
customers’ 
area 

5 100 5 32 1320 140 Random Crainic et al. 
(2010) 

 
2 6 Internal of 

customers’ 
area 

10 100 5 35 1320 360 Random Crainic et al. 
(2010) 

 
3 6 Christofides 

and Eilon 
(1969) E-
n22-k4 
instance  

2 21 3 4 1320 360 Border 
Random 

Christofides and 
Eilon (1969) E-
n22-k4 instance  

3 6 Christofides 
and Eilon 
(1969) E-
n33-k4 
instance 

2 32 3 4 1320 360 Border 
Random 

Christofides and 
Eilon (1969) E-
n33-k4 instance 

3 6 Christofides 
and Eilon 
(1969) E-
n51-k5 
instance 

2 50 3 5 1320 140 Border 
Random 

Christofides and 
Eilon (1969) E-
n51-k5 instance 
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The parameters of the C-GA-PSOs for the problems are: size of population = 25, number of 

iterations = 500, rate of crossover = 0.3, and rate of mutation = 0.2, number of particles=40, 

selection probability=1/3, inertia weight factor is a uniform random value between -8 and 8, the 

maximum velocity is 2. 

   We compare the performance of the C-GA-PSOs with HGA-2 (developed by William Ho et al. 

[46]) on data sets 1 and 2. Set 1 contains small instances with up to 50 customers and two or four 

satellites. Table 3 contains the instance name and the number of satellites in Columns 1 and 2. 

Columns 3, 4, 5, and 6 show the performance of the C-GA-PSO, and Columns 7, 8, 9, and 10 show 

the performance of the HGA-2, providing for each heuristic the value of the best initial population, 

the computational time, the final best solution and the improvement rate. We find the best initial 

solutions produced by C-GA-PSOs are superior to those generated by HGA-2 in most of the 

instances except E-n33-k4-s4-, E-n33-k4-sl4-22, E-n33-k4-sl4-22, E-n51-k5-02-17, E-n51-k5-s 

06-12, E-n51-k5-s11-19 for set 1. This phenomenon proves that both improvement rates of the C-

GA-PSOs and the HGA-2 are low. Therefore, the improvement of the final result compared to the 

initial solution is limited.  

    Set 2 contains small instances with up to 50 customers and four or five satellites, which is shown 

in table 4. The C-GA-PSOs finds the optimal solution for the instances where it is known. More 

precisely, four solutions that are slightly worse (E-n22-k4-s13-16, E-n22-k4-s19-21, E-n33-k4-

s19-26, E-n33-k4-s22-26), the average solution quality of the C-GA-PSOs is better than the 

average solution quality of the HGA-2. 
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Table 10. Performance Comparison of the Algorithms for Set 1 

Set 
No. of 
instances 

Num. of  
satellites 

C-GA-PSO HGA-2 

 Best initial 
population 

CPU 
Time 

Final 
best 
solution 

Improvement 
rate a (%) 

Best initial 
population 

CPU 
Time 

Final 
best 
solution 

Improvement 
rate a (%) 

E-n22-k4-
s6-17 

2 
 

433.92 14.2 433.92 0.00% 435.19 13.8 435.19 0.00% 

E-n22-k4-
s8-14 

2 78.42 11.9 69.17 11.80% 84.66 10.3 71.37 15.70% 

E-n22-k4-
s9-19 

2 502.31 15.4 497.21 1.02% 503.2 15.6 500.67 0.50% 

-n22-k4- 
sl0-14 
E-n22-k4-
sll-12 
E-n22-k4-
sl2-16 
E-n33-k4-
sl-9 
E-n33-k4-
s2-13 
E-n33-k4-
s3-17 
E-n33-k4-
s4-5 
E-n33-k4-
s7-25 
E-n33-k4-
sl4-22 
E-n51-k5-
s02-17-46 
E-n51-k5-
02-17 
E-n51-k5-
s04-46 
E-n51-k5-
s 06-12 
E-n51-k5-
s 06-12-
32-37 
E-n51-k5-
s11-19 
E-n51-k5-
s11-19-
27-47 
E-n51-k5-
s27-47 
E-n51 -k5-
S32-37 

2 
 
2 
 
2 
 
2 
 
2 
 
2 
 
2 
 
2 
 
4 
 
2 
 
2 
 
2 
 
4 
 
2 
 
 
4 
 
2 
 
 
2 
 

440.43 
 
431.47 

 
121.87 

 
765.02 
 
752.79 
 
783.38 

 
862.36 

 
909.87 

 
627.50 

 
770.94 

 
659.61 
 
756.96 

 
625.99 
 
809.29 
 
 
667.47 
 
649.11 
 
 
697.66 
 
 

11.3 
 

11.3 
 

15.1 
 
14.4 
 
13.4 
 
13.8 
 
13.2 
 
12.7 
 
20.9 
 
21.7 
 
18.2 
 
21.2 
 
18.3 
 
15.5 
 
 
20.1 
 
13.2 
 
 
15.7 
 

435.86 
 

440.89 
 

105.94 
 
747.36 
 
723.45 
 
710.29 
 
813.15 
 
856.25 
 
623.13 
 
732.54 
 
626.39 
 
663.45 
 
616.63 
 
750.65 
 
 
644.95 
 
644.64 
 
 
672.68 
 

1.04% 
 

7.09% 
 

13.07% 
 
2.31% 
 
3.9% 
 
9.33% 
 
5.71% 
 
5.89% 
 
0.7% 
 
4.98% 
 
5.04% 
 
12.35% 
 
1.50% 
 
7.25% 
 
 
3.38% 
 
7.79% 
 
 
3.58% 
 

440.63 
 
432.67 
 
133.72 
 
767.76 
 
765.58 
 
771.31 
 
851.38 
 
865.51 
 
636.98 
 
764.29 
 
756.39 
 
716.73 
 
626.78 
 
778.28 
 
 
671.83 
 
687.67 
 
 
700.18 
 

11.3 
 
11.4 
 
16.7 
 
16.5 
 
15.6 
 
14.9 
 
14.9 
 
12.4 
 
25.5 
 
26.0 
 
25.2 
 
24.9 
 
22.3 
 
20.7 
 
 
26.3 
 
19.4 
 
 
19.6 
 

434.63 
 

432.48 
 

118.80 
 
760.83 
 
728.70 
 
710.49 
 
810.24 
 
841.86 
 
620.39 
 
733.47 
 
690.13 
 
684.50 
 
626.78 
 
758.34 
 
 
657.41 
 
651.34 
 
 
663.43 
 

1.48% 
 

4.67% 
 

11.16% 
 

0.9% 
 

4.82% 
 

7.9% 
 

4.83% 
 

2.73% 
 
2.6% 

 
4.03% 

 
8.76% 

 
4.50% 

 
0.00% 
 
2.56% 

 
 
2.15% 
 
5.82% 

 
 
5.25% 
 

a Improvement rate=
(𝐵𝑒𝑠𝑡 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛 − 𝐹𝑖𝑛𝑎𝑙 𝑏𝑒𝑠𝑡 𝑠𝑜𝑙𝑢𝑡𝑖𝑜𝑛)

𝐵𝑒𝑠𝑡 𝑖𝑛𝑖𝑡𝑖𝑎𝑙 𝑠𝑜𝑙𝑢𝑡𝑜𝑛
⁄ ∗100% 
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Table 11. Performance Comparison of the Algorithms for Set 2 

instances Num. of  
Satellites 
 

C-GA-
PSO 
avg. 

HGA-2 
avg. 

% 
deviation 

instances Num. of  
Satellites 
 

C-GA-
PSO 
avg. 

HGA-2 
avg. 

% 
deviation 

E-n22-k4-
s13-14 

4 
 

541.48 577.17 0.3569 E-n33-k4-s22-
26 

4 
 

733.38 
 

710.29 
 

-0.2309 
 

E-n22-k4-
s13-16 

4 551.20 547.82 -0.0338 E-n33-k4-s24-
28 

4 
 

766.37 
 

771.49 
 

0.0512 
 

E-n22-k4-
s13-17 

4 496.38  502.83 0.0645 E-n33-k4- 
s25-28 

4 
 

730.37 
 

732.91 
 

0.0254 
 

E-n22-k4-
s14-19 

E-n22-k4-

s17-19 

E-n22-k4-

s19-21 

E-n33-k4-

s16-22 

E-n33-k4-

s16-24 
E-n33-k4-
s19-26 

4 

 

4 

 

4 

 

4 

 
4 
 
4 

512.53 
 

561.30 

 

575.93 

 

745.28 

 

768.86  

 
734.37 
  

537.99 
 

644.02 

 

572.37 

 

765.20 

 

796.33  

 
731.69 
  

0.2546 
 

0.8272 

 

-0.0356 

 

0.1992 

 

0.2747 

 
-0.0268 
  

E-n51-k5-s12-
18 

E-n51-k5-s12-

41 

E-n51-k5-s12-

43 

E-n51-k5-s39-

41 

E-n51-k5-s40-

41 
E-n51-k5-s40-
43 

5 
 

4 

 

4 

 

4 

 

4 

 
4 

823.09 
 

967.01 

 

914.94 

 

865.33 

 

781.92 

 
919.55 
 

885.95 
 

953.26 

 

1005.70 

 

878.44 

 

806.68 

 
943.77 

0.6286 
 

0.3569 

 

0.9076 

 

0.1311 

 

0.2476 

 
0.2422 
 

 

We tested the same procedure (C-GA-PSOs and HGA-2) on a larger data set with 100 customers. 

These instances present different realistic distribution of both customers and satellites. Given the 

complexity of the model, the involved number of constraints, and the large scale of the data set, it 

is not surprising that the solver takes a longer time to obtain a reasonable solution. On the other 

hand, an enhancement procedure of operator selection can help to reduce the computational time. 

Table 5 presents the results of C-GA-PSO and HGA-2. The table contains the instance name and 

the number of satellites in Columns 1 and 2. Columns 3, 4, 5, and 6 show the performance of the 

C-GA-PSO, and Columns 7, 8, 9, and 10 show the performance of the HGA-2, providing for each 

heuristic the value of the best initial population, the computational time, the final best solution and 

the improvement rate. From the efficiency point of view, the CPU times of C-GA-PSO are less in 

the instances of 2EVRP-100-5-1b, 2EVRP-100-5-2, 2EVRP-100-5-2b, 2EVRP-100-5-3b, 

2EVRP-100-10-1, 2EVRP-100-10-1b, 2EVRP-100-10-2b, and 2EVRP-100-10-3b, because of the 

usage of an enhancement procedure of operator selection, especially the size of the instances is 

more than 100 customers. From the results, we can see that the improvement rate is still limited 

to 7%. 
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Table 12. Performance Comparison of the Algorithms for Set 3 

Set 
No. of 
instance
s 

Num. of  
satellite
s 

C-GA-PSO HGA-2 

Best initial 
populatio
n 

CPU 
Tim
e 

Final 
best 
solution 

Improvemen
t rate (%) 

Best initial 
populatio
n 

CPU 
Tim
e 

Final 
best 
solution 

Improvemen
t rate (%) 

2EVRP-
100-5-1 

5 1751.18 68 1746.8
1 

0.25% 1785.95 67 1772.6
1 

0.75% 

2EVRP-
100-5-1b 

5 1337.91 67 1310.4
6 

2.05% 1324.56 78 1290.67 2.56% 

2EVRP-
100-5-2 

5 1583.35 59 1512.2
6 

4.49% 1603.99 63 1571.7
4 

2.0% 

2EVRP-
100-5-2b 

   5 1637.23 64 1587.0
1 

0.25% 1701.86 71 
 

1696.5
7 

0.31% 
 

2EVRP-
100-5-3 
2EVRP-
100-5-3b 
2EVRP-
100-10-
1 
2EVRP-
100-10-
1b 
2EVRP-
100-10-
2 
2EVRP-
100-10-
2b 
2EVRP-
100-10-
3 
2EVRP-
100-10-
3b 

         5 
 
5 
 
10 
 
10 
 
10 
 
10 
 
10 
 
10 

1203.80 
 

1090.88 
 

1238.94 
 

1088.45 
 

1511.89 
 

1456.06 
 
1179.18 

 
1036.82 

61 
 

57 
 

58 
 
59 
 
68 
 
52 
 
65 
 
56 

1140.9
6 

 
994.81 
 
1235.5
5 
 
1083.3 
 
1490.1
5 
 
1354.2
7 
 
1176.2
4 
 
1027.2
1 

5.22% 
 
7.1% 
 
0.27% 
 
0.47% 
 
1.44% 
 
6.99% 
 
0.25% 
 
0.93% 

1162.44 
 
1026.32 
 
1250.94 
 
1103.65 
 
1434.25 
 
1439.23 
 
1187.01 
 
1025.42 

56 
 
69 
 
69 
 
65 
 
68 
 
54 
 
62 
 
66 

1158.9
6 

 
993.82 

 
1232.2
1 
 
1103.1
9 
 
1416.6
0 
 
1403.0
9 
 
1176.7
8 
 
1023.7
3 
 

1.02% 
 

4.1% 
 

1.5% 
 
0.04% 
 
1.2% 
 
2.51% 
 
0.86% 
 
0.16% 
 
 
 
 
 
 
 
 

 

We analyzed the solution results when adopting the above-proposed algorithm in terms of location 

of depot-customer and customer density. The experiment addresses instances with variable-density 

customer distributions and different depot locations. Two data sets with different customer density 

were generated for a total of 38 instances. In each data set, instances with 21, 32, and 50 customers, 

2 and 4 satellites, and different depot locations were generated. The data set with low customer 

density (Table 6) was generated occasionally in a square [-100,100], X = 200 * rand (1, 19) - 100; 

Y = 200 * rand (1, 19) – 100. The data set with high customer density (Table 7) was generated 

occasionally in a square [-50, 50], X = 100 * rand (1, 19) - 50; Y = 100 * rand (1, 19) – 50. Two 

depot-location have been tested, and the depot is located inside the customer area, ± 25 units from 

the center of the square. The depot is located between 50 and 100 units beyond the lower frontier 

of the square (recall that the square is 200 x 200 units).  In these two kinds of layout, the satellites 

were located around the customer sites. It can be seen from Table 6 that when the customer density 

is low, the total costs are lower when the depot locates within the customer’s area, except for the 

instances E-n33-k1-s2-7, E-n51-k1-s4-12, E-n51-k1-s4-16. With the increase of the customer 

density, the lowest costs are achieved when the depot locates outside of the customer’s area. It can 
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be explained by taking into consideration of package consolidation cost and emission cost for the 

conventional van and ADV. There was a break-even quantity of satellites when the number of 

customers increases. 

Table 13. The Impact of Depot Location on the Total Cost with Low Density Customer 

Instance Number 

of 

satellite  

Depot location (to 

the customer’s area) 

Total Cost Depot location (to 

the customer’s area) 

Total Cost 

E-n22-k1-s2-1 2 Internal  447.76 External 530.25 

E-n22-k1-s2-2 2 Internal  379.12 External 534.58 

E-n22-k1-s2-3 

E-n22-k1-s2-4 

E-n22-k1-s2-5 

E-n33-k1-s2-6 

E-n33-k1-s2-7 

E-n33-k1-s2-8 

E-n33-k1-s2-9 

E-n33-k1-s2-10 

E-n33-k1-s2-11 

E-n51-k1-s4-12 

E-n51-k1-s4-13 

E-n51-k1-s4-14 

E-n51-k1-s4-15 

E-n51-k1-s4-16 

E-n51-k1-s4-17 

E-n51-k1-s4-18 

E-n51-k1-s4-19 

2 

2 

2 

2 

2 

2 

2 

2 

2 

4 

4 

4 

4 

4 

4 

4 

4 

Internal 

Internal  

Internal  

Internal  

Internal  

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

489.34 

390.44 

440.43 

434.35 

107.14 

629.97 

654.52 

610.20 

619.61 

741.05 

675.95 

685.64 

654.34 

810.07 

626.64 

668.19 

691.02 

External  

External  

External  

External  

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

552.79 

528.42 

582.14 

563.98 

105.05 

846.15 

739.28 

705.04 

783.83 

741.01 

798.36 

824.71 

780.83 

802.68 

762.08 

813.97 

772.90 

 

Table 14. The Impact of Depot Location on the Total Cost with High Density Customer 

Instance Number of 

satellite  

Depot location   Total Cost Depot location   Total Cost 

E-n22-k4-s6-17 2 Internal  447.76 External 403.25 

E-n22-k4-sl0-14 2 Internal  379.12 External 534.58 

E-n22-k4-s9-19 

E-n22-k4-sll-12 

E-n22-k4-sl2-16 

E-n33-k4-sl-9 

E-n33-k4-s2-13 

E-n33-k4-s3-17 

E-n33-k4-s7-25 

E-n33-k4-sl4-22 

E-n51-k5-s2-4-17-46 

E-n51-k5-s02-17 

E-n51-k5-s4-46 

E-n51-k5-s6-12 

E-n51-k5-s6-12-32-37 

E-n51-k5-s11-19 

E-n51-k5-s11-19-27-

47 

E-n51-k5-s32-37 

2 

2 

2 

2 

2 

2 

2 

2 

2 

4 

4 

4 

4 

4 

4 

4 

Internal 

Internal  

Internal  

Internal  

Internal  

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

Internal 

489.34 

393.07 

440.43 

434.35 

119.28 

632.97 

623.48 

578.55 

619.61 

736.12 

601.88 

764.58 

652.17 

749.29 

626.64 

691.02 

External  

External  

External  

External  

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

External 

552.79 

393.78 

582.14 

563.98 

108.01 

602.77 

593.52 

530.69 

581.84 

747.52 

798.36 

740.60 

599.85 

715.03 

762.08 

772.90 
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6.0 CONCLUSIONS 

This study provides a tactical planning view for an E-grocery delivery network when a traditional 

van and an ADV are combined in the last-mile delivery. We present a model for a 2E-VRP-MV 

to minimize transport and emission costs when adopting an ADV in the E-grocery delivery 

process. We proposed a C-GA-PSO for solving the problem and demonstrated the model’s 

applicability using numerical studies based on the implementation of instance tests. It shows the 

best initial solutions produced by C-GA-PSOs are superior to those generated by HGA-2. We also 

developed a hybrid GA-PSO step that generates a high-quality solution to the problem within an 

acceptable computational time.  

     To further testify the effectiveness of the designed two-echelon delivery network assisted by 

ADV, we applied the 2E-VRP-MV model and our solution algorithm to two scenarios that evaluate 

the impact of the customer density and the depot location on total costs. The results show that  

when the customer density is low and the depot is located inside the customer’s area, the lowest 

costs are achieved. With the increase of the customer’s density, the lowest costs for most of the 

instances are achieved when the depot is located outside the customer’s area. It can be explained 

by the total system cost is influenced by package consolidation cost and emission cost.  

    The capacity of the van and ADV, the weight of the customer order, the layout of the depot-

customer, the emission cost of the van, the handling cost, and customer densities are key factors 

for achieving the minimum total cost. The instances generated from data sets 1, 2, and 3 present a 

distribution of the customers, which is quite different from the distribution in realistic applications 

in urban and regional delivery. Future research is required to test the model and algorithm in a 

more realistic data set. Besides, the sensitivity analysis will be addressed between transport cost 

and emission cost. Other influential factors, such as the speed of the ADV will be involved in the 

model. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



 

26 

 

7.0 REFERENCES 

[1] Marc-Oliver Sonneberg, Max Leyerer, Agathe Kleinschmidt, Florian Knigge, Michael H. 

Breitner, “Autonomous Unmanned Ground Vehicles for Urban Logistics: Optimization of Last 

Mile Delivery Operations,” Proceedings of the 52nd Hawaii International Conference on System 

Sciences, pp.1538-1547, 2019. 

[2] Parisa Dolati Neghabadi, Karine Evrard Samuel, Marie-Laure Espinouse, “Systematic 

literature review on city logistics: overview, classification and analysis,” International Journal of 

Production Research, vol.57, pp. 865-887, 2019.  

[3] J.H.R. van Duin, L.A. Tavasszy, H.J. Quak, “Towards E(lectric)- urban freight: first 

promising steps in the electric vehicle revolution. European Transport,” vol. 54, pp. 1-19, 2013. 

[4] G Hiermann, J Puchinger, S Ropke, RF Hartl, “The electric fleet size and mix vehicle routing 

problem with time windows and recharging stations,” European Journal of Operational Research, 

vol. 252, pp. 995-1018, 2016.  

[5] M. W. Ulmer and B. W. Thomas, “Same-day delivery with heterogeneous fleets of drones 

and vehicles,” Networks, vol. 72, no. 4, pp. 475– 505, 2018. 

[6] Damián Reyes, Martin Savelsbergh, Alejandro Toriello, “Vehicle routing with roaming 

delivery locations,” Transportation Reserch Part C, vol. 80, pp.71-91, 2017. 

[7] Nils Boysen, Stefan Schwerdfeger, Felix Weidinger. “Scheduling last-mile deliveries with 

truck-based autonomous robots,” European Journal of Operational Research, vol. 271, pp.1085-

1099, 2018. 

[8] Dylan Jennings, Miguel Figliozzi, “Study of Sidewalk Autonomous Delivery Robots and 

Their Potential Impacts on Freight Efficiency and Travel,” Transportation Research Record, vol. 

2673, pp. 317–326, 2019.  

[9] F. Weidinger, “Scheduling Last-Mile Deliveries with Truck-Based Autonomous Robots,” 

European Journal of Operational Research, vol. 271, pp. 1085–1099, 2018.  

[10] J Gonzalez Feliu, G Perboli, R Tadei, D Vigo, “The two-echelon capacitated vehicle routing 

problem,” Proceedings of the 22nd European Conference on Operational Research, Prague, 

2007. 

[11] Crainic TG, Mancini S, Perboli G, Tadei R, “Clustering-based heuristics for the two-

echelon vehicle routing problem,” Technical report CIRRELT-2008-46; 2008. 

[12] Crainic, T., Sforza, A. and Sterle, C, “Tabu Search Heuristic for a Two-echelon Location-

routing Problem,” CIRRELT, 2011. 



 

27 

 

[13] Baldacci, Roberto; Mingozzi, Aristide; Roberti, Roberto; Clavo, Roberto Wolfler, “An 

Exact Algorithm for the Two-Echelon Capacitated Vehicle Routing Problem. Operations 

Research,” vol.61, pp. 298-314, 2013. 

[14] Fernando Afonso Santos, Geraldo Robson Mateus, Alexandre Salles da Cunha, “A Branch-

and-Cut-and-Price Algorithm for the Two-Echelon Capacitated Vehicle Routing Problem,” 

Transportation Science, vol. 49, pp. 355-368, 2015,  

[15] Philippe Grangier, Michel Gendreau, Fabien Lehuédé, Louis-Martin Rousseau, “An 

adaptive large neighborhood search for the two-echelon multiple-trip vehicle routing problem 

with satellite synchronization,” European Journal of Operational Research, vol. 254, pp. 80-91, 

2016. 

[16] Lin Zhou, Roberto Baldacci, DanieleVigo, XuWang, “A Multi-Depot Two-Echelon Vehicle 

Routing Problem with Delivery Options Arising in the Last Mile Distribution,” European Journal 

of Operational Research, vol.265, pp.765-778, 2018. 

[17] K Govindan, A Jafarian, R Khodaverdi, K Devika, “Two-echelon multiple-vehicle 

location–routing problem with time windows for optimization of sustainable supply chain 

network of perishable food,” International Journal of Production Economics, vol. 152, pp. 9-28, 

2014. 

[18] Mehmet Soysal, Jacqueline Bloemhof-Ruwaard, Rene Haijema and Jack G.A.J. van der 

Vorst, “Modeling an Inventory Routing Problem for perishable products with environmental 

considerations and demand uncertainty,” International Journal of Production Economics, vol. 

164, pp.118-133, 2015. 

[19] K Braekers, K Ramaekers, I Van Nieuwenhuyse, “The vehicle routing problem: State of the 

art classification and review,” Computers & Industrial Engineering, vol. 99, pp. 300-313, 2016.  

[20] Vera C. Hemmelmayr, Jean-Francois Cordeau, Teodor Gabriel Crainic, “An adaptive 

large   

        neighborhood search heuristic for Two-Echelon Vehicle Routing Problems arising in city 

logistics,” Computers & Operations Research, vol.39, pp.3215-3228, 2012. 

[21] Jesus Gonzalez-Feliu, Guido Perboli, Roberto Tadei, Daniele Vigo, “The two-echelon 

capacitated vehicle routing problem,” 2008.  

[22] U Breunig, R Baldacci, RF Hartl, T Vidal, “The electric two-echelon vehicle routing 

problem,” Computers & Operations Research, vol. 103, pp.198-210, 2019. 

[23] Teodor Gabriel Crainic, Antonino Sgalambro, “Service network design models for two-tier 

city logistics,” Optimization Letters, vol. 8, pp.1375-1387, 2014. 

[24] Vidal, T. AND Crainic, T.G. AND Gendreau, M. AND Lahrichi, N. AND Rei, W, “A 

hybrid genetic algorithm for multidepot and periodic vehicle routing problems,” Operations 

Research, vol.60, pp. 611-624, 2012. 



 

28 

 

[25] Crainic, T., Sforza, A. and Sterle, C., “Tabu Search Heuristic for a Two-echelon 

Location-routing Problem,” CIRRELT, 2011. 

[26] Viet-Phuong Nguyen, Christian Prins, Caroline Prodhon, “A multi-start iterated local 

search with tabu list and path relinking for the two-echelon location-routing problem,” 

Engineering Applications of Artificial Intelligence, vol.25, pp.56-71, 2012.  

[27] U Breunig, R Baldacci, RF Hartl, T Vidal, “The electric two-echelon vehicle routing 

problem,” Computers & Operations Research, vol. 103, pp.198-210, 2019. 

[28] Schwengerer M., Pirkwieser S., Raidl G. R., “A Variable Neighborhood Search 

Approach for the Two-Echelon Location-Routing Problem,” In: Hao JK., Middendorf M. (eds) 

Evolutionary Computation in Combinatorial Optimization. EvoCOP 2012. Lecture Notes in 

Computer Science, vol. 7245. Springer, Berlin, Heidelberg. 

[29] Yong Wang, Xiaolei Ma, Maozeng Xu, YongLiu, Yinhai Wang, “Two-echelon logistics 

distribution region partitioning problem based on a hybrid particle swarm optimization–genetic 

algorithm,” Expert Systems with Applications, vol. 42, 5019-5031, 2015. 

[30] Geetha S, Poonthalir G and Vanathi P T, “Improved K-means Algorithm for capacitated 

Clustering Problem”. INFOCOMP, vol. 8, pp. 52-59, 2009. 

[31] S Kassem, L Korayem, M Khorshid, A Tharwat, “A hybrid bat algorithm to solve the 

capacitated vehicle routing problem,” Proceedings of NILES 2019: Novel Intelligent and 

Leading Emerging Sciences Conference, pp. 222-225, 2019. 

[32] R. Dondo and J. Cerdá, “A cluster-based optimization approach for the multi-depot 

heterogeneous fleet vehicle routing problem with time windows,” European Journal of 

Operational Research, vol. 176, pp. 1478–1507, 2007. 

[33] Reinelt, G., “The Traveling Salesman: Computational Solutions for TSP Applications,” 

Springer, New York, 1994. 

[34] Michael Drexl, Michael Schneider, “A survey of variants and extensions of the location-

routing problem,” European Journal of Operational Research, vol. 241, pp. 283-308, 2015. 

[35] Shiwei Yu，Yi-MingWei, Ke Wang, “A PSO–GA optimal model to estimate primary 

energy demand of China,” Energy Policy, vol. 42, pp. 329–340, 2012. 

[36] Harish Garg, “A hybrid PSO-GA algorithm for constrained optimization problems. Applied 

Mathematics and Computation,” vol 274, pp. 292-305, 2016. 

[37] Dan Liu, Zhenghong Deng, Qipeng Sun, Yong Wang and Yinhai Wang, “Design and 

Freight Corridor-Fleet Size Choice in Collaborative Intermodal Transportation Network 

Considering Economies of Scale,” Sustainability, vol. 990, 2019. 

[38] Dan Liu, Pengyu Yan, Zhenghong Deng, Yinhai Wange, Evangelos I. Kaisar, 

“Collaborative Intermodal Freight Transport Network Design and Vehicle Arrangement with 



 

29 

 

Applications in the Oil and Gas Drilling Equipment Industry,” Transportmetrica A: Transport 

Science, vol.16, pp. 1574-1603, 2020. 

[39] J. Renaud, G. Laporte, and F. F. Boctor, "A tabu search heuristic for the multi-depot vehicle 

routing problem," Computers and Operations Research, vol. 23, pp. 229-235, 1996. 

[40] Tomasz Dominik Gwiazda, “Genetic Algorithms Reference”, Volume–I, Poland: Tomasz 

Gwiazda, 2006. 

[41] Abdoun, O, Abouchabaka, J, “A Comparative Study of Adaptive Crossover Operators for 

Genetic Algorithms to Resolve the Traveling Salesman Problem”, International Journal of 

Computer Applications, vol. 31, pp. 49-57, 2011. 

[42] Guido Perboli, Roberto Tadei and Daniele Vigo, “The Two-Echelon Capacitated Vehicle 

Routing Problem: Models and Math-Based Heuristics,” Transportation Science, vol. 45, pp. 364-

380, 2011. 

[43] Teodor Gabriel Crainic, Guido Perboli, Simona Mancini, Roberto Tadei, “Two-Echelon 

Vehicle Routing Problem: A satellite location analysis.” Procedia Social and Behavioral 

Sciences, vol 2, pp. 5944–5955, 2010. 

[44] Wei Feng, Miguel Figliozzi, “An economic and technological analysis of the key factors 

affecting the competitiveness of electric commercial vehicles: A case study from the USA 

market,” Transportation Research Part C: Emerging Technologies, vol.26, pp.135-145, 2019.    

   

[45] M. Veenstra, K. Roodbergen, I. Vis, and L. Coelho, “The Pickup and Delivery Traveling 

Salesman Problem with Handling Costs,” European Journal of Operational Research, vol. 257, 

pp. 118-132, 2017.  

[46] W. Ho, G. T. S. Ho, P. Ji, and H. C. W. Lau, "A hybrid genetic algorithm for the multi-

depot vehicle routing problem," Journal of Engineering Applications of Artificial Intelligence, 

vol. 21, pp. 548-557, 2008. 


