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Abstract 
Electric vehicles (EVs) are increasingly used in distribution, especially under the 
influence of environmental policies. Electric vehicle routing problems with Time 
Windows (E-VRPTW) extend classical routing problems with Time Windows to consider 
the limited driving range of electric vehicles. Usually, the vehicle will detour to the 
charging station (CS) to overcome it while serving customers. In most proposed E-
VRPTW model, Electric vehicles are fully charged at the station. In this paper, 
considering the actual charging behavior, we study electric vehicle routing problems 
with Time Windows and allow partial recharging (E-VRPTW-PR). The results show that 
partial recharging strategy can reduce costs and improve customer satisfaction. We use 
an Adaptive Large Neighborhood Search (ALNS) to solve E-VRPTW-PR. 
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1. Introduction 

The global climate change problem caused by a large number of greenhouse gas emissions has 
attracted great attention from various countries and formulated a series of emission reduction 
measures. Carbon dioxide is the main component of greenhouse gases, and reducing carbon 
dioxide emissions has become the top priority for all countries in responding to climate change. 
The carbon dioxide emissions produced by the transportation industry account for about 23% 
of the total annual carbon dioxide emissions[1]. As a new energy-saving and environmentally-
friendly technology, new energy vehicles can reduce carbon emissions by 60% compared with 
traditional fuel vehicles[2]. In addition, the increase in automobile sales is one of the most 
important factors for the increase in my country's petroleum energy consumption. Therefore, 
the introduction of new energy vehicles can alleviate the phenomenon of insufficient energy. 
The charging characteristics of electric vehicles make it different from traditional fuel vehicles 
in the delivery process. The charging problem needs to be considered during the driving of the 
vehicle. Many learners have done study for E-VRP. 
Yang et al.[3] studied the distribution path problem of battery exchange stations for electric 
logistics vehicles in the distribution path. The path planning problem model of logistics vehicles 
allows electric logistics vehicles to visit the battery exchange station multiple times. Lin et al.[4] 
proposed that electric logistics vehicles can go to the charging station for charging or battery 
replacement during the distribution process, and at the same time, considering the customer's 
service time constraints, they studied the distribution path planning of electric logistics vehicles. 
Keskin et al.[5] studied the path planning problem of electric vehicles that allow partial charging 
in three charging modes: slow, normal, and fast. It proved the benefits of fast charging in terms 
of fleet size and energy costs. Wang et al.[6] constructed an electric vehicle path planning model 
with the smallest total distance under the constraints of charging and maximum route time. 
This model electric vehicle can be charged at the charging station, but the charging time is 
constant, and the battery is fully charged during charging. Hierman et al.[7] proposed an electric 
vehicle routing problem that combines traditional fuel vehicles, plug-in hybrid vehicles and 
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electric vehicles. The electric logistics vehicle is also directly charged when charging. Research 
on multi-vehicle path planning with electric vehicles has shown that compared with using a 
fleet of single vehicle categories, careful use of hybrid fleets can significantly reduce operating 
costs under various price conditions. Kucukoglu et al.[8] considered the ETSPTW problem of 
both private and public charging stations at the same time. The charging technology used by 
public and private stations is different, resulting in different charging times for electric vehicles. 
Charging at the customer site can significantly save distance. Three charging modes are 
considered, but each charging rate is constant, and the battery is fully charged each time. 
Electricity consumption is also the main content of the research on path planning of electric 
vehicles. Keskin et al. [9] took into account the constraints of customer service time, and 
constructed a model of electric logistics vehicle distribution route planning considering time 
windows. The battery power is consumed linearly with the distance traveled. Schneider et al.[10] 
studied the problem of electric logistics vehicle distribution path planning with time windows, 
and constructed a multi-objective electric logistics vehicle distribution path planning model 
with the least total distribution mileage and the least number of vehicles. The power 
consumption is also proportional to the distance traveled. Goeke et al.[11] studied the 
distribution route problem of a hybrid fleet composed of electric logistics vehicles and fuel 
vehicles, and adopted a realistic energy consumption model, which includes the influence of 
speed, slope and cargo load distribution on power consumption, and constructed a non- Linear 
power consumption model, but adopts a full charging strategy in terms of charging, and the 
charging rate is constant. Regarding the research on the energy consumption of electric vehicles, 
most of the literature assumes that the power consumption is proportional to the distance, and 
a few scholars have considered other related influencing factors of energy consumption. 
In order to make the problem of electric vehicle distribution path planning more realistic, many 
studies have increasingly considered the reality of the electric logistics vehicle distribution 
process. Sassi et al.[12] proposed how to use electric logistics vehicles composed of different 
models for distribution. The fleet is composed of electric vehicles and traditional fuel vehicles. 
The electric fleet is a heterogeneous fleet with different battery capacities and operating costs. 
Wang and Song[13] proposed the electric vehicle multi-charging station location-path problem 
with time window (EV-MCS-LRPTW), which combines the location of charging station with type 
selection and vehicle path planning. The construction cost and charging rate of different 
charging infrastructures are different. It is trying to provide the least cost solution for logistics 
companies that use electric vehicle distribution and build their own charging stations. Sweda 
et al.[14] considered the probability of the charging pile being occupied when the electric vehicle 
arrives at the charging station, and on this basis, studied the problem of finding the optimal 
electric vehicle path and adaptive charging decision. Keskin et al.[15] studied the EVRPTW model 
considering the charging waiting time, describing the charging waiting time as the 𝑀/𝐺/1 
model in queuing theory, and converting the queuing time into a linear function, which is 
related to the time of day. The goal is to minimize the number, drivers, and power consumption 
costs, and conclude that in this case, the charging will often choose to be carried out at noon, 
which is not too crowded. 
According to the above introduction, few scholars have considered the charging strategy, but 
this article considers the actual charging behavior and does not set the charging amount to a 
fixed value. The research in this article performs partial charging according to the demand, and 
we use the charging amount as a variable to make scientific decisions. 
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2. Problem Description and Model Formulation 

2.1. Problem Description 
Electric vehicle logistics distribution network 𝐺 =(𝑉, 𝐸), where 𝑉 = {0, 0 } ∪ 𝐶 ∪ 𝐹 represents 
the set of vertices, consisting of customer set 𝐶, charging station set 𝐹, depot 0 and virtual depot 
0 .  𝐸 = {(𝑖, 𝑗): 𝑖, 𝑗 ∈ 𝑉, 𝑖 ≠ 𝑗} denotes the set of arcs. The depot has an unlimited number of 
homogeneous electric logistics fleets 𝐾 = {𝑘 , 𝑘 , 𝑘 , … }  with a battery capacity of 𝑄 , a 
maximum load 𝑈, and a driving speed 𝑣. Each customer has a service time 𝑠 , time window 
(𝑒 , 𝑙 ) and demand 𝑞 . The 𝑑  denotes the distance of arc (𝑖, 𝑗). 𝑟 and 𝑏 respectively indicate 
the amount of charge per unit time and the amount of electricity consumed per unit distance. 
The electric vehicle routing problem in this paper can be described as: the electric vehicles are 
dispatched to visit each customer for delivery and minimize the driving distance. satisfying with 
the following conditions: (i) the electric vehicles depart from the depot 0 and return to depot 
0  after serving the customers; (ii) Each customer is only served once; (iii) each customer must 
be serviced within the time window (𝑒 , 𝑙 ); (iv) The cargo load on each arc cannot exceed the 
vehicle’s maximum load 𝑈; (v) When the EVs depart from the depot in a fully charged. 

2.2. E-VRPTW-PR Model Formulation 
Based on calculation formula of charging and discharging, we set the following decision 
variables for our formulation: 𝐷  and 𝑦  denote cargo load and state of charge when vehicle 𝑘 
arrives at customer 𝑖, respectively. The time when reaching customer 𝑖 is set to 𝜏 . 𝛼  represent 
the charging time of the EVs at the charging station 𝑖. The driving time t = 𝑑 𝑣⁄ . 𝑥  denotes 
a binary variable and is equal to 1 only if an EV travels from customer 𝑖 to 𝑗. The E-VRPTW-PR 
formulation follows: 
 

Min ∑ ∑ ∑ 𝑥∈∈∈ 𝑑                                                              (1) 
 

Subject to: 
 

∑ ∑ 𝑥∈∈ = 1    ∀ 𝑖 ∈ 𝐶 ,   𝑖 ≠ 𝑗                                                     (2) 
 

∑ ∑ 𝑥∈∈ = 1    ∀ 𝑗 ∈ 𝐶 ,   𝑖 ≠ 𝑗                                                     (3) 
 

∑ 𝑥∈ ∪ = ∑ 𝑥∈ ∪     ∀ 𝑘 ∈ 𝐾                                                      (4) 
 

∑ 𝑥∈ − ∑ 𝑥∈ = 0   ∀ 𝑗 ∈ 𝑉/{0},  ∀ 𝑘 ∈ 𝐾, 𝑖 ≠ 𝑗                                     (5) 
 

∑ (𝑥∈ +𝑥 ) ≤ 1    ∀ j ∈ 𝐶 ∪ 𝐹,  ∀ i ∈ 𝐶 ∪ 𝐹, 𝑖 ≠ 𝑗                                      (6) 
 

𝐷 ≤ 𝐷 − 𝑞 𝑥 + 𝑈(1 − 𝑥 )  ∀ 𝑖 ∈ 𝑉 , ∀ 𝑗 ∈ 𝑉 , ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                          (7) 
 

0 ≤ 𝐷 ≤ 𝑈   ∀  𝑖 ∈ 𝑉  ∀ 𝑘 ∈ 𝐾                                                         (8) 
 

𝐷 = ∑ ∑ 𝑥∈∈ 𝑞   ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                                                   (9) 
 

𝐷 = − ∑ ∑ 𝑥∈∈ 𝑞   ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                                              (10) 
 

𝜏 + (𝑡 + 𝑠 ) 𝑥 − 𝑙 (1 − 𝑥 ) ≤ 𝜏    ∀ 𝑖 ∈ 𝐶   ,   ∀ 𝑗 ∈ 𝑉 ,  ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                 (11) 
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𝜏 + (𝑡 + 𝛼 ) 𝑥 − 𝑙 (1 − 𝑥 ) ≤ 𝜏    ∀ 𝑖 ∈ 𝐹 ,   ∀  𝑗 ∈ 𝑉,  ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                  (12) 
 

𝜏 = 𝑒                                                                            (13) 
 

𝑒 ≤ 𝜏 ≤ 𝑙     ∀ 𝑖 ∈ 𝐶                                                               (14) 
 

𝑦 +(𝑑 𝑏 + 𝑄) 𝑥 ≤ 𝑦 + 𝑄       ∀ 𝑖 ∈ 𝐶   ,   ∀ 𝑗 ∈ 𝑉 ,  ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                     (15) 
 

𝑦 +(𝑑 𝑏 + 𝑄) 𝑥 ≤ 𝑦 +𝛼 𝑟+ 𝑄    ∀ 𝑖 ∈ 𝐹 ,   ∀  𝑗 ∈ 𝑉,  ∀ 𝑘 ∈ 𝐾, 𝑖 ≠ 𝑗                     (16) 
 

𝑦 = 𝑄          ∀ 𝑘 ∈ 𝐾                                                                 (17) 
 

0 ≤ 𝑦 ≤ 𝑄     ∀ 𝑖 ∈ 𝑉 ,   ∀ 𝑘 ∈ 𝐾                                                      (18) 
 

0 ≤ 𝑦 +𝛼 𝑟 ≤ 𝑄   ∀ 𝑖 ∈ 𝐹,   ∀ 𝑘 ∈ 𝐾                                                   (19) 
 

𝑥 ∈ {0,1}      ∀ 𝑖 ∈ 𝑉/{0 }   ,   ∀ 𝑗 ∈ 𝑉/ {0},  ∀ 𝑘 ∈ 𝐾 , 𝑖 ≠ 𝑗                              (20) 
 

The objective function (1) minimizes the total operating cost including transportation cost, 
electricity cost and fixed cost of used vehicle. Constraints (2) and (3) ensure that each customer 
is only served once. Constraint (4) means that the EVs depart from the depot and finally return 
to the depot after serving customers. Constraint (5) guarantees that the number of incoming 
arcs is equal to the number of outgoing arcs at each vertex. Constraint (6) prevents the 
formation of a closed loop. Constraints (7) and (8) satisfy the demand of all customers and 
enforce the load of the vehicle at each vertex cannot exceed the maximum capacity. Constraint 
(9) means when the vehicle departs from the depot the load is equal to the total delivery 
demand of the customers served by this vehicle. Constraint (10) means when the vehicle 
returns to the depot the load is equal to the total pickup demand of the customers served by 
this vehicle. Constraints (11) and (12) link arrival times at vertices 𝑖 and 𝑗 if the arc (𝑖, 𝑗) is 
traveled. Constraint (13) indicates the time when the vehicle departs from the depot. Constraint 
(14) enforces the time windows of the customers and depot. Constraints (15) and (16) track 
the battery state of charge during the travel. Constraint (17) means that the vehicle departs 
from the depot in a fully charged state. Constraints (18) and (19) make sure that the state of 
charge is never negative and cannot exceed the maximum battery capacity. Finally, constraint 
(20) defines the binary decision variables. 

3. Solution Method 

3.1. Adaptive Large Neighborhood Search Algorithm 
We propose an ALNS specifically for E-VRPTW-PR model. Ropke and Pisinger[16] extended LNS 
and proposed an adaptive large neighborhood search algorithm (Adaptive Large Neighborhood 
Search, ALNS) that introduced an adaptive mechanism to weigh the effect of operators, which 
can make the search move to a more promising area, so as to find a better solution with a 
greater probability. 
3.1.1. Generation of Initial Solution 
We generate an initial solution by inserting the customer iteratively. Firstly, we build one route 
with a customer selected randomly. Then, calculate the insertion cost of every unassigned 
customer to all existing positions in the route and select best insertion with lowest cost. When 
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station 𝑘 is inserted into the arc(𝑖, 𝑗), we defined the cost function: 𝑑 + 𝑑 − 𝑑 . The initial 
solution is generated until all customers are visited. Then we use the Greedy Station Insertion 
algorithm to insert recharging station into the route.  
3.1.2. Removal Algorithms 
The current solution is destroyed by removing 𝑛  customers with different rules. 
Random removal selects 𝑛  customers randomly and remove them from routes. 
Worst-Distance Removal removes customers with larger distance reduction. if preceding and 
succeeding nodes of customer 𝑘 is customer 𝑖 and 𝑗, distance reduction is calculated as 𝑑 +
𝑑 − 𝑑  and sort them by descending order. We select the first 𝑛  customers to remove. 
Worst-Time Removal is similar to Worst-Distance Removal, which cost of customer 𝑖  is 
calculated as 𝜏 − 𝑙 . 
3.1.3. Insertion Algorithms 
After the solution is destroyed, it inserts all customers removed to repair solution with different 
rules. 
Greedy Insertion performs best possible insertion. For each unassigned customer, calculate the 
operation cost increase of inserting it in all possible position and select position with lowest 
cost increase. We repeat the operation for still unallocated customers. 
Regret-k Insertion is to predict the future effect of the insert operator, which prevents the 
myopic nature of Greedy Insertion. It calculates the difference between the best insertion cost 
and kth insertion cost for each unallocated customer and insert it with the highest difference 
into its best position. We use Regret-2 and Regret-3 Insertion algorithm. 
After inserting all removed customers in the route, the solution may be infeasible with battery. 
Solution needs to be repaired by inserting charging station. 
Greedy Station Insertion chooses the best position with lowest cost that is defined as 𝑑 +
𝑑 − 𝑑  if charging station 𝑘 is inserted between the node 𝑖 and node 𝑗. We determine the first 
customer with the non-positive battery level and insert the best station which increase the 
distance least between the customer and previous customer. if vehicle arrives at charging 
station with negative battery level from previous or the route is infeasible with time-window 
after inserting the station into the position, then the previous arcs are attempted in the same 
manner. 
3.1.4. Adaptive Mechanism 
Initially, the weight 𝑤 and score 𝜋 of all algorithms are equal to 0. In each iteration, if the new 
history optimal solution is found, the score corresponding to selected insertion and removal 
algorithms and range is increased by 𝜋  respectively. If the solution is better than current best 
solution, the score is increased by 𝜋 . Otherwise, the score is increased by 𝜋 . After every 𝑁 
iterations, the weight of algorithm and range is update and calculated as 𝑤 = 𝑤 (1 − 𝑝) +
𝑝𝜋 /𝑛𝑢𝑚  Where 𝑝 represents the weight of the current evaluation stage, 𝜋  and 𝑛𝑢𝑚  are the 
score and number of times suing algorithm during the 𝑁 iterations. The probability for each 
operator can calculated by using formula 𝑝 = 𝑤 / ∑ 𝑤 . The score for corresponding operator 
is reset to 0 after updating weight. 
3.1.5. Acceptance Criterion 
If the cost value of new solution is better than history best solution, we accept the new solution 
and update the history best and current best solution. If the cost value of new solution is only 
better than update the current best solution. If the new solution is worse than current best 
solution, the new solution is accepted with probability 𝑒 ( ( ) (  ))/ , where 𝑓(𝑥 ) 
and 𝑓(𝑥  ) are the cost value of new solution and current best solution respectively, and 
the 𝑇 is the temperature. The temperature 𝑇 decreases in every iteration base on the formula 
𝑇 × 𝑐𝑟, where 𝑐𝑟 is the cooling rate making the temperature is lower than threshold 0.0001 in 
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the last 20% of the iterations. The starting temperature is initialized that solution with 1% 
worse cost can be accepted with a probability of 0.5. 
The pseudocode of the ALNS approach is provided in Algorithm 1. 

Algorithm 1: Adaptive Large Neighborhood Search. 
1: Generate an initial solution. 
2: 𝑗 ← 1. 
3: repeat. 
4:     Select Removal algorithm and remove customer. 
5:     Select Customer Insertion algorithm and insert customer. 
6:     Select Station Insertion algorithm and repair solution. 
7:     Accept/reject solution. 
8:     Update adaptive scores of selected algorithms. 
9:     if 𝑗 ≡ 0(𝑚𝑜𝑑 𝑁) then. 
10:         Update adaptive weights of Removal and Insertion algorithms. 
11:     Reset score to 0. 
12:      𝑗 ← 𝑗 + 1. 
13:     until stop-criterion met. 

4. Computational Study 

The ALNS are coded in 𝐶# on Visual Studio 2015 and tested on a PC running on 2.3 GHz intel 
core-i5 processor with 4 GB of RAM.  

4.1. Instance Sets 
We use the well-known E-VRPTW instances of Schneider et al.[10]. This data consists of two sets 
of instances: a set of 36 small-sized instances and 56 large-sized instances. Each type of 
instances has set vehicle battery capacity, vehicle freight capacity, average velocity, battery 
consumption rate and inverse recharging rate. 
In our ALNS algorithm, (𝜋 , 𝜋 , 𝜋 ) set is (100, 80, 50) and the maximum number of iterations 
is set as 2000. And we calculate weight every 𝑁 = 500 iteration times. 

4.2. Results 
Table 1. Comparison of two recharging strategies on the small-size instances. 

 

Gap1 Gap2

vehicle distance vehicle distance

(1) (2) (3) (4)

lc101 13 1035.93 13 1048.34 0 1.20%
lc102 11 1000.50 11 1056.47 0 5.59%
lc103 12 911.71 12 1022.34 0 12.13%
lc201 4 641.45 4 663.16 0 3.39%
lc203 4 630.49 4 645.43 0 2.37%
lc208 4 645.17 4 645.17 0 0.00%
lr103 13 1241.28 13 1309.88 0 5.53%
lr105 15 494.55 16 1234.73 1 149.67%
lr109 13 1004.31 14 1033.44 1 2.90%
lr201 4 1144.44 5 1178.44 1 2.97%
lr202 4 1034.23 4 1048.32 0 1.36%
lr207 3 954.94 3 976.22 0 2.23%
lr210 3 820.94 4 821.33 1 0.05%
lrc103 12 1262.18 13 1334.91 1 5.76%
lrc104 11 1151.63 12 1198.39 1 4.06%
lrc108 12 1204.65 12 1208.36 0 0.31%
lrc206 3 1100.61 4 1178.75 1 7.10%
lrc207 4 966.34 4 977.34 0 1.14%
lrc208 3 712.46 4 793.46 1 11.37%

Average 7.8 8.2 11.53%

instance

partial recharged fully recharged

(3)-(1)
(𝟒) − (𝟐)

(𝟐)
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This section studies the impact of partial recharged on routing planning and sets up a set of 
comparative experiments: fully recharged. We select some large instances randomly to solve 
by ALNS. The results are showed in Table 1. 
In the solution of large-size instances, the full recharged strategies shown to be poor in cases. 
The increase in charging time will result in an average increase in the number of vehicles to 
avoid violating the travel duration constraint, which lead to a significant increase in driving 
distance. The full recharged strategy easily causes an increase in the number of vehicles visited 
charging station simultaneously. Some studies have shown that the cost will be higher while 
the number of simultaneous charging operations was restricted. 

5. Conclusion 

We introduce the E-VRPTW-PR, a VRP to optimize the electrical vehicle routing problems with 
partial recharged. Contrary to existing E-VRP, we consider more practical factors. And we use 
ALNS to solve this problem. In the numerical studies, we find that allowing partial recharged 
significantly reduced the number of vehicles and driving distance. 
There are several more in-depth directions in future research. The problem of queuing when 
EVs charge at the charging station can be considered, which takes research further into practice. 
And the development of algorithms for solving E-VRP is interesting avenues. 
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