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Abstract

:

The adoption of all-electric vehicles (EVs) has grown rapidly in the transportation industry, particularly for urban parcel deliveries. However, the limited driving range of EVs and the high investment cost of establishing charging infrastructures are still the holdbacks to routing these EVs. In this paper, we present the vehicle routing problem of a mixed fleet of EVs and conventional vehicles (CVs) via intermediate depots as an alternative strategy to address the challenges, with CVs delivering parcels from the central depot to intermediate depots and EVs delivering parcels from intermediate depots to customers. In addition, we propose an intelligent dispatching scheme to allow EVs to be used for multiple routes. A two-phase approach is developed to first cluster the customers to the intermediate depots and then route the mixed fleet. The strategy is implemented for both small- and large-sized instances, and the results show that using an intelligent dispatching scheme can significantly reduce the number of EVs used. Furthermore, the use of smaller-range EVs is also investigated., and a discussion of potential implementation issues is provided.
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1. Introduction


Due to the concerns about environmental pollution and an energy crisis, increasing efforts have been put into the research of green logistics strategies and operations. The adoption of all-electric trucks, or EVs in general, has become one of the key addressees of green logistic activities, especially for urban logistics. More and more EVs are being deployed by logistics companies, i.e., UPS, FedEx, and DHL [1], because of their positive effects on promoting urban sustainability while also reducing greenhouse gas emissions. However, the limited driving range of EVs, the long charging time, and the high investment cost of establishing charging infrastructures remain barriers to EV deployment. A typical EV can drive 75 to 125 miles with a fully charged battery [2,3,4]. However, this range can be significantly shortened by cold temperatures and road conditions [5,6]. Since the daily driving needs of urban logistic services are from 150 miles to 250 miles, a single charge of an EV is not sufficient to complete the entire service route. Therefore, the proper establishment of the charging infrastructure and visits to charging stations are needed.



Different types of charging techniques are available for EV recharging, including conductive charging, inductive charging, and battery swapping. The conductive charging, for which charging infrastructure is required, is classified into different levels of charging technologies by the level of power that they deliver to the battery pack, namely Level 1, 2, 3, and DC fast chargers as presented in Table 1 [4]. The cost of establishing charging stations depends on the technology used. Level 1 and 2 charging stations are inexpensive, with a cost of a few hundred for Level 1 and prices ranging from USD 2000 to USD 6000 for Level 2 [7]. On the other hand, Level 3 and DC fast charging stations cost at least USD 50,000 per station. Moreover, according to the report [4], the average EV truck costs USD 308,000, which is roughly USD 200,000 more than the cost of a comparable diesel CV truck. Despite the predictions that the cost of an EV will fall by more than half by the year 2030, the high cost of the charging infrastructure may increase the industry’s resistance to adopting EVs.



Because of the benefits of EVs, more and more efforts are being made in the industry to address the challenges of EV adoption. In general, there are two existing strategies for incorporating EVs into fleets. One option is to replace all CVs with EVs. Another option is to consider a hybrid fleet of CVs and EVs. EVs are always assumed to be charged en route, using fast charging technology in existing works, and the capacity of the charging stations is unlimited. This type of assumption, however, may result in high costs for establishing an adequate charging infrastructure as well as congestion at charging stations with a limited capacity. Moreover, the price of an EV is closely related to the size of its battery, with the unit cost of the battery being USD 400–600 per kilowatt hour (Kwh) [4]. The larger the battery pack, the longer the travel distance. EVs with larger battery packs are significantly more expensive than those with smaller battery packs. However, in existing works, a mid-size EV is typically considered for parcel delivery. The possibility of using small-size EVs needs to be further explored.



In this paper, we propose an alternative strategy for adopting EVs in a mixed fleet by introducing additional intermediate depots on top of the central depot to establish a reasonable number of charging stations and consider using EVs with shorter ranges. CVs are primarily used to transport parcels from the central depot to intermediate depots, whereas EVs are only used to transport packages from intermediate depots to customers. For comparison, EVs with large and small travel ranges are deployed. It is also assumed that EVs can only be charged at designated intermediate depots and that they can be used for multiple routes. Partial charge for EVs is also permitted at a charging station located at an intermediate depot. Moreover, our strategy incorporates an intelligent dispatch scheme to route EVs at an intermediate depot, where EVs can depart from the same depot at different times so that the number of chargers needed at a charging station may be properly controlled and the possibility of congestion occurrences at a charging station may be reduced. To our best knowledge, none of the works that are available in the literature on EV routing problems take into account the flexibility of the departure times of EVs. Letting EVs leave the depot at various times allows them to be reused for multiple routes. By incorporating this feature, this paper delivers an efficient operational and routing plan.



The remainder of this paper is structured as follows: Section 2 includes a review of the related literature. Section 3 presents in detail the proposed strategy for introducing intermediate depots and incorporating an intelligent dispatch scheme, as well as a two-phase heuristic developed to be implemented for this strategy. Numerical experiments are conducted, and the obtained results are presented in Section 4. Section 5 includes a case study that demonstrates how to implement our proposed strategy in practice. Our strategy is then expanded in Section 6 to cover the case with more realistic settings. Finally, the conclusions and future plans are provided in Section 7.




2. Literature Review


The vehicle routing problem (VRP), which was originally introduced by Dantzig and Ramser [8], is one of the classic problems in transportation and logistics. The VRP designs proper routes for a fleet of vehicles visiting a set of customers with the objective to minimize the total transportation cost. The VRP with a time window (VRPTW), which is an important extension of the VRP, takes into account the practical requirement that customers must be visited within a certain time frame [9]. The capacitated VRP, considering the limitation of the cargo capacity, is another remarkable extension of the VRP [10]. The VRP using CVs as the mode of transportation has been studied for many years until the growing negative impact on the environment forces the use of alternative fuel vehicles, such as EVs.



Compared to CVs, EVs have the advantage of being powered by clean, sustainable, and renewable energies. However, EVs are limited by their short driving range and they may visit recharging facilities en route, which make the routing problem of EVs different from the traditional VRP using CVs. As routing models using vehicles powered by alternative fuels, e.g., electricity and hydrogen fuel, have just developed in recent years, there is continuing need to enrich related studies. Lin et al. [11] presents a survey on the existing work of such routing models. When a VRP is formulated for any alternative fuel vehicles, it is called a green VRP (G-VRP) problem, while an electric VRP (E-VRP) focuses on EVs. Erdoğan and Miller-Hooks [12] propose the G-VRP, which considers the limited vehicle driving range and the limited refueling infrastructures. It allows the vehicle to visit one or more refueling facility during the route. However, the refueling time is assumed to be fixed. The capacity constraint and time window constraint are not included in the model formulation. As an extension of the G-VRP, Schneider et al. [13] introduced an electric VRP with time windows (E-VRPTW), which takes into account additional constraints on vehicle capacity, customer time window, and flexible recharging time. They also designed a heuristic based on a hybrid variable neighborhood search (VNS) and Tabu Search (TS) to solve the proposed model. Ding et al. [14] investigated the nonlinear energy consumption behavior of EVs and proposed the EVRPTW based on driving cycles (EVRPTW-DC) to minimize the overall costs of distance, recharging, and time window violation. An adaptive particle swarm optimization algorithm was developed and implemented. The results showed that the incorporation of a nonlinear energy consumption model can lead to a more realistic routing plan.



Other than only using EVs in the fleet, there exists another strategy of deploying a mixed fleet of EVs and CVs in recent studies. Gonçalves et al. [15] study the VRP using a mixed fleet of EVs and CVs to complete pickup and delivery tasks. It is assumed that charging facilities are available anywhere and can be visited whenever they are needed by EVs. The number of charging visits is determined by dividing the total traveled distance by the EV travel range, which is unrealistic. Sassi et al. [16] study the problem of routing a mixed fleet of CVs and heterogeneous EVs (HEVRP) with charging availability en route. HEVRP aims at minimizing the number of employed vehicles and the total cost of operating and charging. Different types of charging stations, time-dependent charging costs, and partial charging possibilities are incorporated. A linear charging scheme with an additional constraint on the maximal grid capacity is considered in HEVRP. Later, the E-VRPTWMF model of routing a mixed fleet of EVs and CVs, considering a realistic energy consumption function that is affected by speed, gradient, and cargo load distribution, is proposed by Goeke and Schneider [17]. An adaptive large neighborhood search algorithm embedded with a local search for intensification is developed to solve the problem. However, EVs are recharged to their maximum battery capacity when visiting a charging station. Hiermann et al. [18] introduce a mixed fleet similar to E-VRPTWMF but with heterogeneous vehicles that differ in transport capacity, battery size, and acquisition cost. Macrina et al. [19] proposed the mixed fleet vehicle routing problem with partial recharging and time windows, taking into account the limitation on the fleet’s polluting emissions.



The literature presented above uses a direct shipping method from the origin to the customers. Additionally, there exists another collection of works within the literature that incorporates an indirect shipping method whereby all or part of the customers’ demands are transferred through one or more intermediate facilities, from the origin to the destination. This type of problem is generally called a multi-echelon routing problem and a special case where only one intermediate facility is involved is called a two-echelon routing problem [20].



The two-echelon vehicle routing problem (2E-VRP) in which the set of depots and the set of intermediate facilities are given is related to our problem. In the 2E-VRP, the decisions include the routing at both echelons, i.e., first echelon from depot to intermediate facilities and the second echelon from intermediate facilities to customers, and the allocation of customers to intermediate facilities. Most of the existing work focuses on its basic version, the two-echelon capacitated vehicle routing problem (2E-CVRP), where both the intermediate facilities and vehicles are capacitated. Perboli et al. [21] discuss several variants of 2E-VRP and present a flow-based model for 2E-CVRP and valid inequalities for it. Crainic et al. [22] address the basic version of 2E-VRP, without providing any mathematical formulation. Instead, the authors design a heuristic by separating the first and second echelon routing problems and then solving both problems sequentially and iteratively. A similar approach with a family of multi-start heuristics is proposed by Crainic et al. [23]. Hemmelmayr et al. [24] introduce an adaptive large neighborhood search heuristic (ALNS) for 2E-CVRP, which is reported to be the best-performing heuristic so far. The main idea of the ALNS algorithm is to apply a destroying operator to remove a subset of customers from the current solution and then a repair operator to insert them back into the current solution to find improving solutions. An exact algorithm is introduced by Baldacci et al. [25], who propose a new integer linear programming formulation that is used to derive both integer and continuous relaxations. They present a bounding procedure based on dynamic programming, a dual ascent method, and an exact algorithm that decomposes the 2E-CVRP into a limited set of multi-depot capacitated vehicle routing problems.



However, unlike the intensively studied 2E-CVRP, little work has been found considering the additional time window characteristics of 2E-VRP. Crainic et al. [26] present a time-dependent formulation of 2E-VRP with consideration of customer time windows and fleet synchronization but no time windows for intermediate facilities. The authors also design solution methods, but no computational experiment has been reported. Both [27] and [28] incorporate time window constraints for intermediate facilities and customers into their problems. Govindan et al. [27] consider a soft time window for both intermediate facilities and customers that can be violated if a penalty is paid, while Grangier et al. [28] enforce them to be visited within their time windows. However, in both papers, the time windows for the intermediate facilities and customers are known as parameters. Moreover, none of the available literature considers the case of unknown time windows for the intermediate depot and how to address this matter in the 2E-VRP. Therefore, this is one aspect that will be addressed in our paper.




3. Routing a Mixed Fleet of EVs and CVs for Customers with Time Windows via Intermediate Depots (MFTW-ID)


3.1. Description of the Strategy


In this section, a new strategy MFTW-ID of adopting EVs in the fleet, using a mixed fleet of EVs and CVs with additional intermediate deports, is proposed to serve a set of customers with time windows. Other than serving customers from a single central depot (CD), a number of intermediate depots (IDs) are introduced. A mixed fleet of CVs and EVs is incorporated, with CVs only available at the CD and EVs only available at IDs. On a typical day, packages are either delivered to customers directly by a CV from CD, or to IDs first and then EVs are deployed to deliver packages from IDs to customers. Therefore, a customer can be visited by a CV from the CD or an EV from an ID within its time window. The time window and demand of a customer may change from day to day. Due to the flexibility of customers, it is complicated to pre-determine whether a customer will be served by a CV or an EV statically. Therefore, an average scenario on a single day is first considered in this section to present this strategy.



A customer is feasible for an ID when both of the following conditions are satisfied: (1) the roundtrip distance between the customer and the ID is not larger than the maximum travel distance of an EV, and (2) the customer’s time window is satisfied by the vehicle’s arrival time from CD via the ID. In this scenario, customers are assumed to be feasible to at least one ID. A mixed fleet of CVs and EVs is deployed in such a way that all customers are served by EVs deployed at IDs while CVs are used only between CDs and IDs. Therefore, there are two levels of routing problems. One is CV routing from CD to IDs, and the other is EV routing from IDs to customers. Meanwhile, other than allowing EVs to be charged at additional charging stations en route, it is considered that charging for EVs is only allowed at IDs. Figure 1 presents an example to illustrate this scenario. As shown in Figure 1a, there is a CD and five IDs. Each ID has two key functions, one is to serve a defined area of customers as indicated by the circle in the figure, and the other is to serve as an EV charging station. CVs are used to complete delivery services from CD to IDs (ID1 to ID5). Specifically, for this example, ID1, ID2, and ID5 are served by CV1 while ID3 and ID4 are served by CV2. Once the cargo is delivered to IDs, EVs are dispatched to serve customers within the defined area of each ID. EVs start from IDs and return to the same ID after service. Looking more closely at ID1, a total of five customers are served by two EV routes, as shown in Figure 1b. In this case, since EVs can only be recharged at an ID, it is assumed that the number of chargers at an ID is not restricted and there is no congestion or waiting at the charging stations. An estimate of the customer locations will be provided in this problem to determine the routing plans.



A two-phase approach is developed for this strategy, where the first phase improves the solution of customer-to-ID allocation, while the second phase determines the routing of the mixed fleet. Based on the first-phase clustering of customers to IDs, each ID is considered a “Big-customer”, with a demand equal to the sum of the demands of the customers assigned to it. The second phase includes two types of routing problems. One is the CV routing problem formulated between CD and IDs, and the other is the EV routing problem formulated between each ID and its assigned customers. Figure 1a presents an example of the CV routing problem from CD to IDs, and Figure 1b is an example of the EV routing problem from ID1 to its customers. In both routing problems, the time window of each node and the capacity of vehicles are taken into consideration.




3.2. First-Phase Clustering


The first-phase clustering aims to generate customer-ID allocation solutions, which are used to decompose the second-phase mixed fleet routing problem into several independent VRPs of a single vehicle type and a single depot. A customer can be assigned to an ID only if the following two conditions are satisfied: (1) the customer is within the range of the ID, and (2) the customer’s time window is satisfied by the arrival time from the CD via the ID. In the current scenario, customers are assumed to be feasible to at least one ID. Knowing the set of customers assigned to a specific ID, the ID is then transformed into a Big-customer for CD, with new demands and time windows determined by the assigned customers. The new demand equals the sum of the demands of the customers assigned to the ID. The initial time window of the ID is the entire timespan, and the new time window only affects the latest time of visiting the ID. The latest time is determined by taking the smallest value of a customer’s latest time and subtracting both the travel time from the ID to this customer and the service time at the ID for all customers assigned to the ID.



The initial clustering follows a distance-based rule, as introduced in Crainic et al. [22] that a customer  i  is assigned to its nearest ID. The assignment must also satisfy the potential restrictions at IDs in terms of capacity and fleet size. The resulting two types of VRP subproblems are solved independently, and the total traveled distance of the second-phase routing is calculated. The following Algorithm 1, which is implemented in Java, presents a heuristic developed to improve the initial clustering.



	
Algorithm 1 The improving procedure of first-phase clustering




	
(0)

	
Initial clustering of assigning each customer to its nearest ID; solve second-phase routing problem and calculate the global cost of current clustering as the current best solution




	
(1)

	
Sort customers, which can be assigned to multiple IDs, by the difference in the distance between the customer and its nearest and second-nearest IDs in ascending order, let it be the list     S d   




	
(2)

	
for ( i  in    S d   ), start with the first customer,   i = 0  




	
(3)

	
 Consider total  k  customers in sequence (  k = 1 , 2 , 3 …  );

 Assign customer(s) from  i  to    (  i + k − 1  )    to its second-nearest ID;

 Update clustering




	
(4)

	
 if the new clustering is not feasible then




	
(5)

	
  Consider the next customer(s) in    S d    and restart Step (3)




	
(6)

	
 else then




	
(7)

	
   Transform IDs to Big-customers for CD and formulate CV routing problem (CVRP);




	

	
   Formulate a set of individual EV routing problems (EVRPs) from each ID to its assigned customers;




	

	
   Solve CVRP and EVRPs and compute the global cost of the new clustering; compare it to the current best solution




	
(8)

	
 if the new cost is better then




	
(9)

	
   update the current best solution as the new cost, and restart Step (3) from the next customer in the list    S d   




	
(10)

	
 else then




	
(11)

	
   Remain the current best solution and restart Step (2) from the next customer in    S d    until a stopping criterion of the number of iterations or computing time is reached









The initial clustering of ID1 and ID2 shown in Figure 1a is presented in Figure 2a. Each ID and its associated customers are marked as the same color, i.e., black for ID1 and green for ID2. By applying one iteration of Algorithm 1, the change in the customer assignments is generated and presented in Figure 2b in that a customer is moved from the ID1 cluster to the ID2 cluster.




3.3. Second-Phase Routing


While the first-phase clustering assigns customers to IDs, the second-phase problem deals with the routing problems of the mixed fleet. Two types of routing problems are observed in this phase. One is CV routing from CD to IDs, and the other is EV routing from each ID to its respective customers. As a result, there is one CV routing subproblem and a set of EV routing subproblems up to the number of IDs. This section first formulates a mathematical model for the EV routing problem and then explains how it can also be applied to the CV routing problem. It then proposes an alternative heuristic to solve the EV routing problem, where an intelligent dispatch scheme can be added.



3.3.1. Mathematical Formulation for EV Routing Problem


A typical E-VRPTW aims to minimize the total distance of routing a set of EVs that depart from the depot and visit a set of customers within pre-specific time intervals. It allows EVs to be charged at charging stations en route when needed, and return to the depot before reaching the safe power level. Additionally, the limited freight capacity of EVs is incorporated into the E-VRPTW model [13].



Similar assumptions are made in our E-VRP regarding the customer time windows and vehicle capacity limitations. An E-VRP exists for any ID that has at least one customer. EVs depart from an ID at the same time and return to the same ID once their route is completed. EV charging, on the other hand, is only available at the ID where an EV must return before its battery runs out. It is also assumed that enough chargers are available to serve the EV whenever it arrives and that EVs travel at a constant speed. To describe our model, we use similar notations in Ding et al. [14] for sets, variables, and constants, as summarized in Table 2. Our model incorporates partial charge by introducing decision variables    p  i k  a    and    p  i k  l   .    p  i k  a    specifies the battery level of EV  k  arriving at the node  i , while    p  i k  l    indicates the battery level of EV  k  leaving from the node. If node  i  is a charger station, an EV is not necessarily charged to the full battery capacity  Q . Therefore, only the difference between    p  i k  l    and    p  i k  a    needs to be recharged. The charging time, which depends on the new charging amount, could possibly be reduced.



We then formulate a mathematical model with the following objective function:


   MIN      ∑   i ∈ N     ∑   j ∈ N     ∑   ν ∈ V    x  i j ν    d  i j    



(1)







Subject to the following constraints:


    ∑   ν ∈ V     ∑   i ∈  N C  , i ≠ j    x  i j ν   = 1             ∀ j ∈ N  



(2)






    ∑   ν ∈ V     ∑   j ∈  N C     x  0 j ν   ≤ H  



(3)






    ∑   i ∈ N , i ≠ j    x  i j ν   =   ∑   s ∈ N , j ≠ s    x  j s ν         ∀ ν ∈ V ,   j ∈ N  



(4)






    ∑   j ∈ N    x  0 j ν   = 1             ∀ ν ∈ V  



(5)






    ∑   i ∈ N    x  i 0 ν   = 1             ∀ ν ∈ V  



(6)






  0 ≤  w  0 ν   ≤ W             ∀ ν ∈ V  



(7)






      0 ≤  w  j ν   ≤  w  i ν   −  q i   x  i j ν   + W  (  1 −  x  i j ν    )                                                                                                      ∀ i ∈ N , ∀ j ∈  {   N C   ∪   N R   }  ,   i ≠ j , ∀ ν ∈ V      



(8)






   p  0 ν  l  = Q             ∀ ν ∈ V  



(9)






   Q  l o w   ≤  p  i ν  a  ≤  p  i ν  l  ≤ Q             ∀ i ∈ N , ∀ ν ∈ V  



(10)






   p  j ν  a  ≤  p  i ν  l  −  (  ζ ⋅  d  i j    )   x  i j ν   + Q  (  1 −  x  i j ν    )              ∀ i , j ∈ N , i ≠ j , ∀ ν ∈ V  



(11)






   p  i ν  a  =  p  i ν  l              ∀ i ∈  N C  , ∀ ν ∈ V  



(12)






   p  i ν  l  ≥  (  ζ ⋅  d  i 0    )   x  i 0 ν               ∀ i ∈  N C  , ∀ ν ∈ V  



(13)






   t  0 ν  l  = 0             ∀ ν ∈ V  



(14)






   e i  ≤    t  i ν  a  ≤  l i              ∀ i ∈ N ,   ∀ ν ∈ V  



(15)






   t  j ν  a  ≥  t  i ν  l  +  t  i j    x  i j ν   −  T  l i m    (  1 −  x  i j ν    )                ∀ i , j ∈ N , i ≠ j , ∀ ν ∈ V  



(16)






  0 ≤  t  i ν  a  ,  t  i ν  l  ≤  T  lim               ∀ i ∈ N , ∀ ν ∈ V  



(17)






   t  i ν  l  +  t  i 0 ν   ≤  T  l i m               ∀ i ∈  {   N C   ∪   N R   }  , ∀ ν ∈ V  



(18)






   t  i ν  l  =  t  i ν  a  +  t  i ν  s              ∀ i ∈  {   N C   ∪   N R   }  , ∀ ν ∈ V  



(19)






   t  i ν  s  =  {       θ i        ∀ i ∈  N C  , ∀ ν ∈ V          p  i ν  l  −  p  i ν  a   r      ∀ i ∈  N R  , ∀ ν ∈ V        



(20)







The objective function is, as expressed in (1), to minimize the total travel distance. Constraints (2) ensure that each customer must be visited exactly once. Constraints (3) ensure that the number of employed vehicles does not exceed the number of available vehicles. Constraints (4) establish the flow balance so that the flow entering a node is equal to that exiting the same node. Constraints (5) and (6) ensure that each vehicle departs from and returns to the depot. Constraints (7) restrict the initial load to the maximum load capacity of a vehicle. Constraints (8) enforce the fulfillment of demand at customer nodes and ensure a nonnegative load for a vehicle upon arrival at any node. Constraints (9) make sure that EVs leave the depot with a full battery, while Constraints (10) restrict the battery to being within the range of minimum and maximum levels. Constraints (11) set the battery level at a node succeeding a previous node following a linear battery consumption behavior. As presented in Constraints (12), an EV maintains the same battery level at a customer node. Constraints (13) guarantee that the remaining battery of an EV leaving from a customer node should at least allow it to go back to the depot. The departure time of any vehicle from the distribution center is set to be zero, as constrained in (14). Constraints (15) enforce that each node is visited within its time window, and Constraints (16) guarantee the time feasibility between successive nodes. It is ensured in Constraints (17) that the arrival and departure times at any node are within the maximum time span. Moreover, the return time of any vehicle to the distribution center must be within the maximum time span as presented in Constraints (18). Constraints (19) illustrate the relationship between the arrival and departure times at a node such that the departure time is composed of the arrival time and the service time. The service time is a given    θ i    for a customer, and the recharging time is calculated at a fixed recharging rate for a recharging station, as presented in Constraints (20).



This E-VRP model can be applied to CV routing from CD to IDs, in which CD is the depot, the customers for CD are the Big-customers transformed from IDs, and CVs are vehicles that have no battery limit. Similar to a customer, a Big-customer is associated with a newly generated demand and time window. The E-VRP model is revised as C-VRP to solve the CV routing problem by removing battery restrictions and battery-charging-related constraints, i.e., Constraints (10)–(13), and resetting the service time at a charging station to be zero in Constraints (20).




3.3.2. Heuristic of EV Routing


The assignment of customers to IDs from first-phase clustering serves as the input for second-phase routing. Because transforming an ID into a Big-customer aggregates the demands of customers assigned to this ID as the new demand, more CVs and/or CVs with a larger cargo capacity may be required to complete CV routing. On the other hand, an EV can intuitively serve another route after returning to its ID and being charged. We say that the EV has completed a route and is now being used for another if an EV returns to the ID for charging before departing again to serve customers. As a result, the same EV could be used for multiple routes, but the starting times of the routes are not pre-defined. To avoid requesting additional resources and potentially improve vehicle utilization, we also propose a heuristic method for the problem. We include an intelligent dispatch scheme that allows EVs to depart from IDs at different time points so that an EV can be used for multiple routes while additional Big-customers should be generated, assuming the total time span of service to customers is eight units. When using the mathematical model in Section 3.3.1, EVs leave the depot at time zero. In the heuristic, EVs leave the depot at different time points depending on the dispatch interval  λ . If  λ  is four units, then a set of EVs leave the depot at time zero and another set leaves at time four. Similarly, if  λ  is two units, there will be four sets of EVs leaving the depot at times zero, two, four, and six, respectively. The minimum value of  λ  is one unit. Therefore, the dispatch interval can be as large as the entire time span, i.e., eight units, or as small as one unit.



Figure 3 presents our solution method in a flow chart. For an ID  k  and its customers, an aggregation step first takes place where customers are grouped by their earliest time of service scaled to the intervals of dispatching EVs. Each group   z   of customers is then assigned with a dispatch time point    τ z   , meaning that for EVs to serve group   z   will leave from ID  k  at    τ z   . Moreover, a Big-customer    B z    is generated for each group  z  of customers and added to the CV routing problem.



The next step is to estimate the latest time    l  z k     that EVs should return to ID  k  by estimating the average number of customers per route using the method proposed by Figliozzi [29]. The conditions needed to be checked to see if additional dispatch time points are required because customers may not be served within their time windows when EVs leave the depot at the current dispatch time. A customer  i , with    [   e i  ,  l i   ]    and    θ i   , needs time    t  k i     to travel to its corresponding ID  k . The following two conditions need to be checked: (1) If    τ z  +  t  k i   >  l i   , customer  i  cannot be served by the vehicle leaving at    τ z    because an EV is not able to visit this customer within its time window; (2) If    e i  +  θ i  +  t  k i   >  l  z k    , an EV cannot return to its depot in time that customer  i  cannot be served by the vehicle leaving at    τ z   . If either of the conditions are satisfied, new dispatch time points are required and added, and the list of customer groups is updated. Otherwise, the current group of customers with the associated time of dispatch    τ z    and time to return    l  z k     is added to the subproblem pool to be solved. Each subproblem in the pool has the following features: an ID, a group of customers,    τ z    and    l  z k     of EVs, and recharging is only available at the ID. Therefore, each subproblem is an E-VRP problem, as described in Section 3.3.1. The formulation developed in Section 3.3.1 is used to solve the subproblems, and the number of vehicles and their routes will be obtained. As mentioned earlier, in the heuristic, EVs are allowed to serve multiple routes after they return to the depot and get charged if it is necessary. Partial recharging is allowed. By using EVs for multiple routes, it Is possible to reduce the actual number of vehicles that are used.





3.4. Realistic Scenario Considering Outliners


At the beginning of Section 3, an average scenario on a typical day assuming that customers are all within the range and served by EVs from IDs is explained in detail. However, in a general case of the proposed strategy, a customer must be served by either a CV from the CD or an EV from an ID, because a customer may not be feasible to any of the IDs. Therefore, it is necessary to further explore the general scenario of determining whether a customer is served by a CV or an EV.



According to Section 3.1, a customer is said to be feasible for an ID only if both the distance and time window conditions are met.    d  i j     and    t  i j     are the distance and travel time between two nodes   i , j   in the network, respectively. Condition (1) is satisfied when    d  ID ,  customer    +  d  customer ,  ID    ≤ S  , where  S  is the threshold. Condition (2) is satisfied when    t  CD , ID   +  θ  ID   +  t  ID ,  customer    ≤  l  customer    . A matrix  A  is introduced to present if a customer can be assigned to an ID. Let    a  i j     be an element in  A , where   i , j   are two nodes in the network. Only when one of   i , j   is a customer node and the other is an ID node, the value of    a  i j     could be either 0 or 1. Otherwise, the value of    a  i j     is always 0. When both conditions, the value of    a  i j     is 1. Otherwise,    a  i j     equals 0. If a customer  i  is not feasible to any of the IDs, i.e.,     ∑   j ∈ IDs    a  i j   = 0  , this customer is an outliner and should then be served directly by a CV from CD. The above process to determine whether a customer is an outliner is shown in Figure 4.



After determining the subsets of customers to be served directly by CVs or by EVs, the subsets of customers being served by CVs are added to the CV routing problem; on the other hand, the subsets of customers being served by EVs from their associated IDs can formulate EV routing problems. Additionally, both types of routing problems can be solved as described in Section 3.3. Figure 5 presents the overall flow chart of our proposed two-phase approach while considering the customer outliners.





4. Experimentation


This section presents the numerical experiments conducted to test the proposed strategy. We create our instances from those used for E-VRPTW by Schneider et al. [13]. Different numbers of customers are served in these instances. We use the instances with 15 customers and 100 customers, representing the small and large-size instances, respectively. Given an instance of Schneider et al. [13], with a depot, 20 charging stations, and 100 customers, we re-define the charging station locations as the locations of intermediate depots for our problem. Instances are solved by the proposed model and heuristic implemented in Java on a desktop computer with an Intel i5 2.67 GHz Processor with 4 GB RAM, running Windows 7 Professional, and the available resources in the Center for Computational Research (CCR) at the University at Buffalo.



4.1. Analysis of Second-Phase Routing


To solve the second-phase routing problem, we use two methods, as proposed in Section 3.3. Mathematical models for CV routing and EV routing are implemented first, and a heuristic approach is further implemented for EV routing. Additionally, directly using the mathematical formulation for EV routing is equivalent to using the heuristic when the dispatch interval is the entire time span.



When using the heuristic, the EV routing problem is solved with different dispatch intervals  λ . If the total time span is  T , then the number of intervals  m  can range from 1 to   ⌈ T / λ ⌉  . When   m = 1  , for the EV routing subproblem, EVs leave their ID at time 0 and can only serve 1 route. The charging technology used at an ID can either be a slow charger over the night or a fast charger in less than 0.5 h. Moreover, each ID is transformed into one Big-customer for the CD, with new demands and time windows determined by all customers assigned to this ID, as described in Section 3.2. In the case when  m  is greater than 1, customers assigned to an ID are split into  m  subsets. A total number of  m  Big-customers are generated for this ID, one for each subset of assigned customers. EVs are dispatched at  m  time points from their ID. After an EV returns to its ID after visiting customers on a route, it may be recharged at the depot depending on its current battery level. If the same EV is going to serve the next route, and it has sufficient battery to cover the next route, it is not necessary to be charged; otherwise, this EV needs to be charged to the least battery level required to serve the next route. Fast charge technology is used to enable this feature. Examples of two different cases are presented in Figure 6. In Figure 6a, there are two routes of the same ID. Either of them is associated with a time window of the depot and a travel distance. The maximum travel distance of an EV is 79.7. If an EV leaves at time 0 and returns at time 552.6 after completing the route    r 1    with a travel distance    d 1   , the same EV can continue to serve    r 2    without being charged at the depot. This is because the total distance of    d 1    and    d 2   , i.e., 58, is less than the maximum travel distance of the EV. However, in Figure 6b, after the EV completes the route    r 1   , it needs to be charged before continuing to serve the route    r 3    because the sum of    d 1    and    d 3   , 82.8, is greater than 79.7.



Take instance c103_15 as an example of a small-sized instance; 1 customer is identified to be served by CV from CD while the rest are served by EVs from IDs. A total of 4 IDs exist, and the number of customers assigned to    S 3  ,  S 7  ,  S  13   ,  S  15     is 3, 5, 3, and 3, respectively. Results for EV routing in second-phase routing are presented in Table 3. With the same customer clustering from the first phase, both the E-VRP model and heuristic method are applied to the EV routing subproblem, while the C-VRP model is implemented for the CV routing subproblem. The second and third columns provide the number of EVs required and the routing distance at each ID, as determined by the optimal solution of the E-VRP model. For the heuristic method, dispatch interval  λ  is selected in such a way that the number of intervals  m  takes values of 1, 2, 4, 8, and 16, as shown in the second row in Table 3. With the same customer clustering, the EV routing problem is solved with a different number of intervals  m  for each ID, and results are also presented in Table 3. Heuristic gives the best solution found in up to 20 iterations. For the same instance, using the E-VRP is equivalent to using the heuristic when the dispatch interval is the entire time span, i.e., only one interval that   m = 1  , and this is observed in Table 3. When there is only 1 interval, i.e.,   m = 1  , all EVs leave the depot at time 0. However, when  m  is greater than 1, it means that EVs leave ID at  m  different time points, and the same EV can be used to serve multiple routes for the same ID.



It is observed from Table 3 that the minimum number of EVs remains the same and the total travel distance of EV routing increases as m increases for this specific instance. The increase in total traveled distance can be explained by the number of customers assigned to each ID being too small and that having multiple dispatch times would force EVs to visit customers in separate routes. Meanwhile, the same minimum number of EVs indicates that an EV is used to serve multiple routes from different dispatch times for an ID.



An analysis is then conducted for the CV routing subproblem using heuristic, since the number of Big-customers is changing along with  m  value and the number of intervals. For the same instance c101_15, the results of CV routing with different  m  value are presented in Table 4. The number of Big-customers generated for each ID increases as  m  increases. This is because customers assigned to an ID are split up into  m  subsets and one Big-customer is generated for each valid subset. While the number of CVs used remains the same, the total traveled distance of CV routing is reduced when  m  increases and has the smallest value when   m =   4 or 8. Therefore, although Table 3 shows that EV routing may not be improved with larger  m , the CV routing could be improved instead.



Similarly, take instance c101_21 as an example of large-size instances. A total of 9 out of 100 customers are determined to be visited by CVs in first-phase clustering and results for EV routing and CV routing with the same customer assignments are obtained with   m =   1, 2, 4, 8, and 16 as presented in Table 5. The results presented in the table are the best found in 100 iterations. It is observed from Table 5 that the total traveled distance of EVs becomes smaller as  m  becomes larger, which indicates that having additional dispatch times helps to give better routes. Additionally, the total traveled distance of EVs can be improved by at most 16.3%. The minimum number of EVs is always greater than or equal to 20 since a total of 20 IDs are available for the instance and each ID is assigned to at least 1 customer. It is shown in Table 5 that the minimum number of EVs decreases as the number of intervals  m  increases. This is because EVs can be used for multiple routes if  m  is greater than 1. Additionally, the number of EVs needed for instance c101_21 can be reduced by up to 7 if the proposed heuristic is combined with the intelligent dispatch scheme. Additionally, since EVs can only be charged at IDs and the possible service time of EVs can spread through the entire time span, the number of chargers at an ID could be potentially reduced.



As for CV routing, it is shown in Table 5 that at most, 4 additional CVs are required as  m  increases, while the total traveled distance of CVs is reduced by up to 7.3%. This can be explained by the fact that customers are split into more subsets with more dispatch times; thus, more Big-customers are visited by CVs. The overall routing distance including both EV routing distance and CV routing distance is displayed in the last column in Table 5 and it can be improved by 11.7% as  m  increases to 16. The last observation from the experiments is that the larger  m  it takes, the longer the computational time to complete an iteration. This is mainly caused by the longer time to solve CV routing as the number of Big-customers increases when  m  is larger. Therefore, a larger  m  is not entirely beneficial to solving the problem, and a compromise between the value of  m  and satisfactory results is indeed necessary. It is noticeable from Table 5 that the result from   m = 4   and   m = 8   are quite close, whereby both results are slightly worse than that obtained from   m = 16  . However, the time it takes to compute for   m =   4 and 8 is observed to be much less compared to that for   m = 16   in the experiments. Thus, while considering computational efficiency,   m = 4   is selected to obtain results and perform further analysis.




4.2. Results of the Two-Phase Approach


Table 6 reports the results of using the two-phase approach toward large-size instances. The result of a large-size instance is the best found in 100 iterations. As explained in the above section,   m = 4   is applied to obtain results of large-size instances. The instances have three classes of distribution patterns, clustered with a name starting as “c”, random with “r”, and mixed with “rc”. Instances sharing a similar name, i.e., c101_21, r101_21 and rc101_21, have the same time windows but different distributions for customers and are compared as a set. It is observed in Table 6 that, of all three instances in a set, the one with randomly distributed customers has the largest overall distance, as well as the largest individual values of the number of EVs, EV routing distance, number of CVs, and CV routing distance. The smallest overall distance is obtained in the one with clustered distributed customers. Instances of the same distribution, i.e., c101_21, c102_21, and c103_21, are different in terms of the time windows of customers, where c101_21 has the most restricted time windows and c103_21 is the least restricted. Comparing the results of instances with the same distribution, the largest overall distance is found in the instance with the tightest time windows, i.e., c1010_21, while the smallest overall distance is the one with the least restricted time windows, i.e., c103_21. This is valid for three different distributions of customers. Moreover, the individual values of EV routing and CV routing are also smaller when the time windows of customers are more relaxed for the instances with the same distribution.





5. Case Study


This section aims to test our proposed strategy with different ranges of EVs and provide a guideline for applying it in a real-world situation.



We use data from instance c101_21 to analyze the flexibility of our proposed strategy. The default maximum travel range of EVs is 79.7 and it will be reduced from 90% to 30% of the default range by a 10% reduction. Figure 7 shows the locations of one hundred customers, one central depot, and twenty candidate intermediate depots.



When running the test, it is assumed that the EVs travel at a constant average speed and that EVs of different range limitations have the same speed. We also assume that Level 3 fast charge technology is installed and used at the charging station located at an intermediate depot. For each range of the EVs, the instance is solved by the proposed two-phase approach. Figure 8 presents the initial customer clustering with EVs of a default travel range.



As shown in Figure 8, customers connected to CD, i.e.,    D 0   , with dash lines are the outliners that are served by CVs from CD, and a total of 9 out of 100 customers are outliners. The rest of the customers are assigned to IDs. Sixteen out of twenty IDs are associated with at least one customer. For each test of a different EV range, the EV routing in the second-phase routing is solved by the heuristic with an intelligent dispatch scheme. The number of intervals  m  is set to be four. The results of each test from the two-phase approach, including the number of outliners, EV routing, and CV routing are presented in following Table 7. The number of outliners is presented in the first column of Table 7, and it can be seen that the number of outliners remains the same as that of the default range for EVs ranging from 90% to 50% of default. This indicates that the current settings of IDs are more than sufficient to serve customers. However, as the EV range is reduced further, the number of outliners increases. When the EV range is reduced to 30%, then 28% percent of customers are outlined to be served by CVs from CD. We decided not to further analyze this test since we are interested in at least 85% of customers being served by EVs from IDs.



It is also observed from Table 7 that the individual values of EV routing and CV routing increase as the range of EVs decreases in most cases. When the range of EVs decreased to 90%, of the default range, the minimum number of EVs, as well as CVs, remains the same, but the traveled distance slightly increases. If the range of EVs further decreased to 80%, 70%, 60%, 50%, and 40% of the default range, the minimum number of EVs increases gradually from 27 to 35, as does the EV routing distance. This can be explained by the fact that an EV with a smaller range has to be recharged more frequently and a smaller number of customers can be visited in one route. Therefore, more EVs are needed to serve customers within their time windows. Furthermore, the impact of the EV range on CV routing is less than that on EV routing, since the increase in the number of CVs and CV routing distance is slower. Compared to about a 27% increase in the EV routing distance, the CV routing distance increases by about 14% when the EV range is reduced to 40% of the default range.




6. Discussions


6.1. Features of an ID


In our proposed MFTW-ID, a customer is visited either by a CV directly from a CD or by an EV from an ID after this ID is served by a CV. An ID serves as the depot and charging station for a set of EVs. There is no limitation on the amount of demand that can be processed at an ID. However, features of fleet size, handling capacity, and demand level at an ID could be further explored.



It is obvious from the results that the fleet size and handling capacity of an ID affect customer clustering. Assuming each ID is associated with a handling capacity    H  I D    , a customer clustering must be feasible to the    H  I D    , meaning that a customer cannot be assigned to an ID if the total demand of customers assigned to the ID exceeds    H  I D    . In this case, even if the customer is feasible to the ID, it cannot be assigned to the ID. Moreover, customer clustering is restricted by the fleet size. An example assuming a system with two identical IDs of 500 units handling capacity and two EVs of 200 units cargo capacity for an ID, and total customer demand of 750 units, a customer clustering of 450 units for one ID and 300 units for the other ID is infeasible since at most 400 units can be accommodated by the two EVs at an ID. The features of fleet size and handling capacity at an ID can be incorporated in Algorithm 1, introduced in Section 3.2, by revising its feasibility check. In addition to satisfying ID conditions in the current Algorithm 1, new feasibility conditions concerning fleet size restriction and handling capacity should all be satisfied for feasible customer clustering in the first phase of the proposed two-phase methodology.



Furthermore, two levels of routing exist in the second phase, and it is necessary to address the synchronization issue between the two levels in terms of time and storage. As described in previous sections, the time window of an ID is determined by the set of customers assigned to this ID. An ID can transform into one or more Big-customers for CV routing from CD, depending on the number of dispatch intervals. However, storage at the ID has not yet been considered. Considering instance c101_21, Figure 9 presents the demand level at each ID when   m = 1  , while Figure 10 shows the fluctuation of the demand level at each ID with the number of dispatch intervals   m = 2 , 4 , 8   under the same customer assignments to IDs. The dispatch time points are shown as the legend in the figures. It is seen from Figure 9 that when   m = 1  , i.e., the set of customers assigned to an ID is served by a set of EVs all departing from this ID at the same time, the storage requirements at the ID are expected to accommodate the total demand amount of the set of customers. The average demand at each ID is over 100 units. Furthermore, in terms of labor shifts, it indicates that all workers prepare incoming shipments from CD for outgoing shipments to the customer during the same period. In this case, large storage space and sufficient manpower are required to conduct a smooth operation. Comparing Figure 9 with Figure 10 of   m = 2 , 4 , 8  , it is observed that the fluctuation of the demand level becomes smoother as  m  increases. Considering the case with   m = 4  , the largest demand requirement at ID    S  16     is 50 for the second and third intervals. This indicates that the storage requirement could be set to be sufficient to cover the largest demand, which is less than 1/3 of the required storage, 170, for   m = 1  . Moreover, workers can prepare shipments during different shifts, and a smaller number of workers could be expected. Therefore, introducing multiple dispatch time points can potentially reduce the requirement for storage and improve labor efficiency. To incorporate this matter into our current strategy, we would suggest two options. One is to add budget constraints at an ID indicating a storage space budget and a labor budget, while the other is to consider such operational costs at an ID as an element in the cost objective function.




6.2. EV Specifics


The EV routing model used in MFTW-ID assumes a constant travel speed, a constant battery consumption rate depending only on the traveled distance, and fast charging availability at IDs. However, it is necessary to address more realistic assumptions about EVs to implement this strategy in the industry. The travel speed of an EV is not always constant, depending on the battery level, traffic conditions, driver’s behavior, etc. More importantly, the battery consumption rate is affected by different factors, including, but not limited to, the cargo weight, travel speed, road conditions, and weather conditions. The EV battery consumption model, considering vehicle mass, travel speed, and terrain gradient, is introduced by Ding et al. [14], and can be considered an option to implement.



The last matter we would like to address is the charging technology. Although fast charging is enabled for MFTW-ID, Level 2 charging could be implemented. For the same amount of energy, Level 2 charging is known to take a longer time than fast charging. Consider a scenario in which the overall service time of EV routing is 6 h with three dispatch intervals. A set of EVs is dispatched at the beginning of each interval. With Level 2 charging technology, the EVs used in the first interval may be unable to complete the task in the second interval but could be ready for the third interval. The charging time also depends on the battery size of EVs. As analyzed in Section 5, with the incorporation of an intelligent dispatch scheme, small-range EVs, which have smaller battery sizes, can be used for the same problem. Under the same charging conditions, it takes less time to charge a smaller battery than a larger battery. Therefore, by using smaller-range EVs, Level 2 charging technology could become feasible to implement.





7. Conclusions and Future Research


In this paper, we propose a new alternative strategy to adopt EVs in the fleet and the solving methods that are implemented for this strategy. Our proposed strategy consists of optimizing the routing of a mixed fleet of EVs and CVs to minimize the total travel distance. Contrary to existing works that suggest that EVs can be charged en route at established charging stations, we introduce intermediate depots and consider the fact that charging stations are only available at such intermediate depots. Moreover, other than using EVs with larger travel ranges, EVs with smaller travel ranges are employed and tested so that the purchase cost of EVs may be reduced. A two-phase approach is proposed to route a mixed fleet of EVs and CVs by locating additional intermediate depots first, and then routing EVs with charging that is only available at an intermediate depot. Additionally, EVs are possibly used for multiple routes after returning to a depot and being charged, if necessary. We develop a heuristic algorithm to improve the assignment of customers to IDs in the first-phase clustering problem. For the second-phase routing problem, we develop both a mathematical model for E-VRP and a heuristic method with the intelligent dispatch scheme to solve the routing problem of EVs. Both small and large instances are tested by the proposed two-phase approach by implementing the solution methods in Java. It is shown that our proposed method is more suitable for large-size instances, and by using the intelligent dispatch scheme, our strategy can reduce the total number of EVs needed by nearly 22%. Our proposed strategy also aims to solve the cases that may not be solved by E-VRPTW when the maximum travel range of EVs is reduced to a smaller value, which allows cheaper EVs to be adopted into the fleet so that the investment cost of using EVs may be reduced. It is noticeable that reducing the EV range does not necessarily lead to more outliners of customers if the number of IDs is sufficient. Therefore, one of the options for future work would be to explore the efficient planning of IDs in terms of their number and location.



Depending on the status of the current fleet, this strategy can be used to analyze the investment options of introducing additional EVs into the fleet, such as the types/ranges, and estimated number of EVs. Therefore, future work could also explore the influence of the proposed adoption strategy on the investment costs of EVs, including establishing depots, installing charging stations, and purchasing EVs. Additionally, comparisons between different strategies for adopting EVs in the fleet are necessary under different scenarios, including but not limited to battery capacity, charging technology, and energy unit price, to provide better advice on when and how to adopt EVs into the current fleet.
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Figure 1. (a) Strategy with intermediate depots assuming customers are in the range of IDs. (b) Customers assigned and routes generated at ID1. 
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Figure 2. (a) Initial clustering. (b) A customer’s color changes from black to green after applying Algorithm 1. 
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Figure 3. Overview of heuristic to solve second-phase routing problem. 
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Figure 4. The process to determine whether a customer is an outliner. 
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Figure 5. The overall procedure for the two-phase approach. 
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Figure 6. Examples of using an EV for multiple routes: (a) no need to charge at a depot; (b) need to be charged at a depot. 
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Figure 7. Locations of customers, depot, and candidates of instance c101_21. 
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Figure 8. Initial customer clustering with the default range of EVs. 
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Figure 9. The demand level at IDs for instance c101_21 with   m = 1  . 
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Figure 10. Fluctuation of demand at IDs for instance c101_21 with (a)   m = 2  ; (b)   m = 4  ; and (c)   m = 8  . 
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Table 1. Classification of chargers for EVs.
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	Type
	Power
	Amperage
	Voltage
	Charging Time in Hours
	Primary Use





	Level 1
	AC
	Up to 15
	120
	6–20
	Residential Charging



	Level 2
	AC
	Up to 80
	240
	3–8
	Residential and Public Charging



	Level 3
	AC
	Up to 200
	Up to 600
	Less than 0.5
	Public Charging



	DC Fast Charge
	DC
	Up to 200
	480
	Less than 0.5
	Public Charging
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Table 2. List of notations in the E-VRP model.
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	Symbol
	Description





	  N  
	Set of all nodes



	    N 0    
	A depot instance



	    N C    
	Set of customers



	    N R    
	Set of recharging stations



	  V  
	Set of EVs



	    T  l i m     
	The maximum time span of a delivery route, in hour units



	  Q  
	The maximum battery level of an EV, in   kW ⋅ h  



	    Q  l o w     
	The lowest battery level of an EV, in   kW ⋅ h  



	  ζ  
	Battery consumption rate



	  r  
	Recharging rate at a charger, in kW



	  H  
	Maximum number of available EVs at the ID



	  W  
	The maximum load of an EV, in kg



	    q i    
	The demand of customer  i ,   i ∈  N C   



	    θ i    
	The service time at a customer  i ,   i ∈  N C   



	    e i    
	Earliest start of service at node  i ,   i ∈  N C   



	    l i    
	Latest start of service at node  i ,   i ∈  N C   



	    d  i j     
	Distance between node  i  and  j ,   i , j ∈ N  



	    t  i j     
	Travel time between node  i  and   j  ,   i , j ∈ N  



	    t  i ν  a    
	Time of arrival of vehicle  ν  at node  i ,   i ∈ N ,   ν ∈ V  



	    t  i ν  l    
	Time of departure of vehicle  ν  at node  i ,   i ∈ N , ν ∈ V  



	    t  i ν  s    
	The service time or recharging time of vehicle  ν  at node  i ,   i ∈ N ,   ν ∈ V  



	    p  i ν  a    
	Battery level of vehicle  ν  when arriving node  i ,   i ∈ N ,   ν ∈ V  



	    p  i ν  l    
	Battery level of vehicle  ν  when leaving node  i ,   i ∈ N ,   ν ∈ V  



	    w  i ν     
	Load of vehicle  ν  when arriving node  i ,   i ∈ N ,   ν ∈ V  



	    x  i j ν     
	Binary decision variable indicating if vehicle  ν  travels from node  i  to node  j ,   i , j ∈ N ,   ν ∈ V  
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Table 3. E-VRP and heuristic of EV routing for small-sized instance c103_15.
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ID

	
E-VRP Model

	
Heuristic




	
    m = 1    

	
    m = 2    

	
    m = 4    

	
    m = 8    

	
    m = 16    




	
     n e     

	
    d i s  t e     

	
     n e     

	
    d i s  t e     

	
     n e     

	
    d i s  t e     

	
     n e     

	
    d i s  t e     

	
     n e     

	
    d i s  t e     

	
     n e     

	
    d i s  t e     






	
    S 3    

	
1

	
51.35

	
1

	
51.35

	
1

	
51.35

	
1

	
51.35

	
1

	
51.35

	
1

	
51.35




	
    S 7    

	
1

	
74.78

	
1

	
74.78

	
1

	
67.59

	
1

	
93.56

	
1

	
93.56

	
1

	
93.56




	
    S  13     

	
1

	
46.74

	
1

	
46.74

	
1

	
96.7

	
1

	
128.42

	
1

	
128.42

	
1

	
124.11




	
    S  15     

	
1

	
37.76

	
1

	
37.76

	
1

	
40.11

	
1

	
39.52

	
1

	
39.52

	
1

	
34.70




	
Total

	
4

	
210.63

	
4

	
210.63

	
4

	
255.75

	
4

	
312.85

	
4

	
312.85

	
4

	
303.72








   n e    is the minimum number of EVs;   d i s  t e    is the total travel distance of EV routing.
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Table 4. Results of CV routing for small-sized instance c103_15.
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ID

	
    m = 1    

	
    m = 2    

	
    m = 4    

	
    m = 8    

	
    m = 16    




	
     o c     

	
     n c     

	
    d i s  t c     

	
     o c     

	
     n c     

	
    d i s  t c     

	
     o c     

	
     n c     

	
    d i s  t c     

	
     o c     

	
     n c     

	
    d i s  t c     

	
     o c     

	
     n c     

	
    d i s  t c     






	
    S 3    

	
1

	
-

	
-

	
1

	
-

	
-

	
1

	
-

	
-

	
1

	
-

	
-

	
1

	
-

	
-




	
    S 7    

	
1

	
-

	
-

	
2

	
-

	
-

	
4

	
-

	
-

	
4

	
-

	
-

	
4

	
-

	
-




	
    S  13     

	
1

	
-

	
-

	
2

	
-

	
-

	
3

	
-

	
-

	
3

	
-

	
-

	
3

	
-

	
-




	
    S  15     

	
1

	
-

	
-

	
2

	
-

	
-

	
2

	
-

	
-

	
2

	
-

	
-

	
2

	
-

	
-




	
Total

	
4

	
2

	
229.17

	
7

	
2

	
229.17

	
10

	
2

	
215.44

	
10

	
2

	
215.44

	
10

	
2

	
226.26








   o c    is the number of Big-customers generated;    n c    is the minimum number of CVs;   d i s  t c    is the total travel distance of CV routing.
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Table 5. Results for large-size instance c101_21 with various m values.
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Value

	
EV Routing

	
CV Routing

	
Overall Routing Distance




	
     n e     

	
    d i s  t e     

	
     n c     

	
    d i s  t c     






	
   m = 1   

	
32

	
847.75

	
10

	
892.64

	
1740.39




	
   m = 2   

	
29

	
821.13

	
11

	
866.69

	
1687.82




	
   m = 4   

	
27

	
805.23

	
12

	
854.25

	
1659.48




	
   m = 8   

	
26

	
772.35

	
12

	
854.25

	
1626.60




	
   m = 16   

	
25

	
709.84

	
14

	
827.52

	
1537.36
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Table 6. Results of two-phase approach on large-size instances.
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Instance

	
Overall Distance

	
EV Routing

	
CV Routing




	
EV Num

	
EV Distance

	
CV Num

	
CV Distance






	
c101_21

	
1659.48

	
27

	
805.23

	
12

	
854.25




	
c102_21

	
1658.48

	
27

	
806.25

	
11

	
852.23




	
c103_21

	
1650.85

	
26

	
803.90

	
10

	
846.95




	
r101_21

	
2091.30

	
33

	
1032.59

	
18

	
1058.71




	
r102_21

	
2066.62

	
29

	
1010.15

	
16

	
1056.47




	
r103_21

	
2063.07

	
28

	
998.51

	
16

	
1064.56




	
rc101_21

	
2046.01

	
30

	
996.19

	
17

	
1049.82




	
rc102_21

	
2028.30

	
29

	
990.47

	
16

	
1037.83




	
rc103_21

	
1989.47

	
27

	
969.53

	
15

	
1019.94
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Table 7. Results for instance c101_21 with different ranges of EVs.
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EV Range

	
Outliners

	
EV Routing

	
CV Routing




	
EV Num

	
EV Distance

	
CV Num

	
CV Distance






	
Default

	
9

	
27

	
805.23

	
12

	
854.25




	
90%

	
9

	
27

	
816.57

	
12

	
864.56




	
80%

	
9

	
29

	
834.70

	
13

	
885.44




	
70%

	
9

	
30

	
881.56

	
14

	
897.52




	
60%

	
9

	
32

	
925.95

	
16

	
954.38




	
50%

	
9

	
33

	
934.43

	
16

	
969.14




	
40%

	
12

	
35

	
1025.33

	
16

	
976.55




	
30%

	
28

	
-

	
-

	
-

	
-
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