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ABSTRACT As the urban population and scale gradually increase, the per capita income level of urban
residents is also constantly increasing, more people have put forward higher requirements for material life.
The degree of congestion of urban roads has a strong positive correlation with the development level of the
national economy. The crowded lanes directly affect the way people travel, especially in the field of logistics
distribution. Electric vehicle distribution is one of the existing distribution methods that is less affected by
traffic, but it is subject to mileage, cargo capacity and number of vehicles. In order to find an optimal urban
distribution route that satisfies both the electric vehicle limitation and the customer time window limitation,
amixed planning model is established to conduct in-depth research on the routing problem. In the process of
verifying the correctness of the model, a mixed algorithm with lower time complexity, which was calculated
by the highest order in the model, is established, and two sets of instance data are used for calculation. The
results show that the mixed algorithm not only has a faster calculation speed, but also can calculate the
vehicle route in a large-scale situation.

INDEX TERMS Electric vehicle, insertion method, exchange method, heuristic, vehicle route.

I. INTRODUCTION

In recent years, with the rapid development of online
shopping in China, the market competition of products has
become increasingly fierce. However, the existing technical
capabilities of enterprises in this industry are limited. The
traditional ways of reducing material consumption to obtain
the “first source of profits” and of saving labor to get the
“second source of profits”” have been far from satisfying the
needs of enterprise development. Companies have begun to
look away from the production areas to the circulation. Thus,
the development of the logistics industry has become the
companies’ ““third source of profits”’, which, to a large extent,
affects the quality of service. The efficient and reliable logis-
tics environment at the current scientific and technological
level has become one of the key factors for the success of
online stores, so transportation costs have become the focus
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of many companies. Enterprises require goods to be delivered
in a more efficient and faster way. Therefore, efficient and
flexible distribution planning plays a vital role in promoting
enterprise competitiveness.

Logistics network optimization is an important part of
logistics system optimization, which mainly optimizes the
collection, loading and delivery of goods. Currently, the last
mile is regarded as one of the most expensive, least efficient
and most polluted parts of the entire supply chain. In addition,
customers also put forward diverse demands for logistics
companies, which requires flexibility in the delivery process.
More and more scholars began to notice this practical com-
bination optimization problem and study the last mile distri-
bution problem, Vehicle Routing Problem (VRP). The VRP
aims to find the optimal set of routes for a fleet of vehicles to
serve customers under specific constraints. In its basic form,
the VRP involves a single depot as the start and end point of
the routes. Each customer is associated with a location and
a demand quantity. Each vehicle serves the customers along
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the designated route, and the total demand cannot exceed the
maximum capacity of the vehicle [1]. Based on the basic
vehicle routing problem [2], it has extended and changed for a
number of different types in academic research and practical
application, including vehicle routing problems with time
windows (VRPTW) [3], Vehicle Routing Problem with Time
Deadlines (VRPTD) [4], Vehicle Routing Problem with Pick-
ups and Deliveries (VRPPD) [5], multi-depot and periodic
vehicle routing problem (MDPVRP) [6], multi-compartment
vehicle routing problem (MCVRP) [7], split-delivery vehi-
cle routing problem with time windows (SDVRPTW) [8].
Early scholars mainly studied static unconstrained VRP, but
the problem is prone to the criticism that has no flexibility.
In addition, it does not take into account of vehicle capacity
constraints and distribution center constraints; it is difficult
to apply in practice to address the issues of mismanagement
and waste of resources. Therefore, scholars began to study
the dynamics of the more constrained VRP, and consider
the broader implementation in real-life situations. In this
article the electric VRP with time windows (EVRPTW),
in which the delivery of goods to each customer should be
occurred in the interval [a;, b;]; where, a; and b; are the
earliest and the latest allowable times that the service should
be taken place. In general, solution approaches for EVRPTW
can be divided into two main classes: those apply to deter-
ministic dynamic routing problems without stochastic infor-
mation; and those with non-deterministic dynamic routing
problems that have stochastic information, where stochastic
information is known.

Our contribution is to propose an effective method to solve
the EVRPTW which is able to provide reasonably results for
numerous problem variants. According to the idea of max-
imal covering location we presented a divided jurisdiction
model and related algorithms. We divide the whole region
into several parts based actual daily customer requirement,
and configure vehicles in each sub-area. We will make the
coverage customer requirement of each area more balanced
according to the number of vehicles and the time window
limit to each node. When dividing jurisdictions, we con-
sider minimizing the delivery distance of each jurisdiction
to ensure that the total scheduling distance of all vehicles
is minimized. This not only guarantee the vehicles travel’s
efficiency but also can prevent the occurrence of management
costs greater than logistics costs and chaos in facility manage-
ment. The whole process is a process of dynamic optimiza-
tion, if this method is used together with the fleet management
system, it will be quite promising, and has relatively large
value of applications and generalization.

This paper is organized as follows. Section II gives a
detailed literature review on the VRP with a heterogeneous
fleet. In Section III, the EVRPTW is described and formu-
lated as a mathematical programming model. Subsequently
in Section IV, a mixed algorithm with tabu-search is
proposed to solve the EVRPTW and the algorithm com-
plexity are compared with the best-known published algo-
rithms. In Section V, experiments are conducted for each
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problem variant. Finally, this paper concludes in Section VI
with a summary and possibilities for future research work.

Il. LITERATURE REVIEW

Since Dantzig and Ramser proposed the vehicle routing prob-
lem in “Truck Scheduling Problem” in 1959 [9], scholars
gradually invested a lot of energy to study it. Then Balinski
and Quandt established the basic VRP model in the early
days [2]. Clarke and Wright proposed the Clarke-Wright
algorithm for solving the standard vehicle routing optimiza-
tion model [10]. Kim G. et al. made a model and algorithm
review of the city VRP problem, and found that the develop-
ment of VRP can be roughly divided into three parts: dynamic
VRP, static VRP, and eco-friendly VRP. The author also
points out that the VRP with customer time windows is more
in line with the actual conditions and has higher research
value [11]. Since some scholars have found that customers
have strong flexibility in practical problems, it is necessary to
add time windows constraints to the traditional model to make
the model more realistic. Leonardo et al. proposed an exact
algorithm which was column generation based to solve the
vehicle routing problem with time windows [12]. However,
with the increase in the number of customers to be considered,
the scale of actual problems gradually expanded, and it is
difficult for exact algorithms to solve VRPTW. Some scholars
focused their research on heuristic algorithms. Zhang D. et al.
proposed a hybrid approach which is a combination of Tabu
search and Artificial Bee Colony algorithm, and use it to
solve the problem with 56 vehicle routing problem with time
windows. Also, results show the effectiveness of the proposed
hybrid algorithm [13]. When studying the VRPTW prob-
lem, Susilawati ef al. believed that the goal of the problem
was to minimize the total travel cost and operating cost,
and proposed a heterogeneous VRP (HVRP) to solve the
problem, used a feasible domain method to solve the prob-
lem [14]. Niroomand et al. successfully applied the VRPTW
to the postal network, and proved the effectiveness of the ant
colony optimization algorithm (ACO) to solve the VRPTW
service provided by regional post offices in their own
research [15].

With the development and progress of human society,
the construction of environmentally friendly VRP has
become a hot research spot. Electric vehicles have become
the optimal choice for the urban distribution industry due to
their low energy consumption and low emissions, EVRPTW
has a place in the stage. Schneider et al. introduced the route
of electric vehicles with time windows and charging sta-
tions (EVRPTW) for the last mile distribution using battery
electric vehicle. In the model, the vehicle’s freight capacity
and customer time are specifically considered window. And a
mixed heuristic algorithm combining variable neighborhood
search algorithm and tabu search algorithm is used to solve
the model, and the effectiveness of the algorithm is proved
by an example test [16]. To cope with the limitation of green-
house gas emissions, Wygonik et al. developed an EVRPTW
model from ArcGIS. The model mainly starts with policy
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TABLE 1. Analysis and comparison of vehicle routing problems with time windows.

Mubos Tiewindowpe 1o hie o Mol Waing Fpel
Hiermanna et al[19] Hard time window No Yes Yes No Yes Yes
Hentenryck[21] Hard time window No Yes No Yes No No
Tan et al[22] Hard time window No Yes Yes Yes Yes No
Azi et al[23] Hard time window No Yes Yes No Yes No
Nalepa J[24] Soft time window Yes Yes Yes No No No
Pecin D[25] Soft time window No Yes Yes No No No
Kazemian 1[26] Soft time window No Yes No No No No
Pedro Munari[27] Soft time window Yes No Yes No Yes No
Rafael G[28] Soft time window No No Yes No No No
Zhang H [29] Soft time window No Yes Yes Yes Yes No
Mar%)hgsggg]sz Soft time window No Yes No No No No
Bruglieri et al[31] Hard time window No Yes Yes Yes Yes Yes
Schneider et al[16] Hard time window No Yes Yes Yes No No
Chu et al[32] Soft time window No No Yes Yes No No
Luo et al [33] Soft time window Yes Yes No No No No
Ropke and Pisinger[34] Soft time window No Yes Yes No Yes No

changes and operational changes to study the influencing
factors. There is a stable relationship between acquisition
cost and carbon dioxide, and the cost per kilogram of carbon
dioxide increases by $ 3.50 [17].

The research of Goeke and Schneider proposed the electric
vehicle routing problem with time window and mixed fleet
(E-VRPTWMF). This model starts from the actual energy
consumption, combines speed, slope and other conditions to
establish the model, and uses an adaptive large field Search
algorithm to solve the example [18]. Hiermann proposed
an adaptive large neighborhood search (ALNS) hybrid solu-
tion method to solve the time window and E-FSMFTW
in E-FSMFTW by combining the heuristic algorithm of
ALNS and plug-in local search and markup program [19].
Grangier et al. proposed a cross-docking vehicle routing
problem based on the Large Nearest Neighbor Search and
Periodic Call Set Partitioning methods [20]. The constant
change of the VRP algorithm has led to an increase in the
number of solvable examples, and specific trends can be
obtained from the data in the table 1.

Throughout the literature survey, the existing EVRPTW
models can not contain all the elements involved in actual
operation, the models are not comprehensive, and it is dif-
ficult to match with the actual. At the same time, although
the existing solving algorithms are developing in the direction
of solving large-scale practical problems, the solving ability
of the algorithm is not ideal. It is still necessary to improve
the solving ability and speed of the algorithm to meet the
practical needs.
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IIl. BASIC ASSUMPTIONS AND SYMBOL DESCRIPTIONS

VRP is a branch of TSP, and the basic models of the two
problems have similarities. The simplest mathematical model
of the TSP can be written in the following integer linear

programming.
Model 1

Min Z Z dijxij (1a)

I<i<N 1<j<N,i#j

N
sty xj=1 j=12,--- N (1b)
i=1
i
N
Z)ﬁzliszn,N (1¢)
j=1
J#i

j=12,-  N—1,i#j
(1d)

u; — uj +px; < p—1i,

The decision variables in Model 1 are

1 if (i, j)is in the optimal tour
Xij =
0 else

while slack variables u; > 0i = 1,2,---,n are used to
constraint the maximum number of visits in one tour, which
is represented by p. dj; is the distance between node i to j.
So far, the CPLEX software has a strong ability in solve
mixed integer programming. It can solve 30-nodes-TSP
problem within a normal time on a conventional computer.

146709



IEEE Access

H. Li et al.: Research on Optimization of EVRPTW

Based on the TSP problem, scholars have raised the VRP
problem. As shown in model 2.

In this model, the limiting capacity and maximum cost
(time or distance) constraints are the same for all the vehicles.
p is the capacity for vehicle, T is the maximum cost allowed
for one route of the vehicles, then the formulation can be

written as:
Model 2
N N
Min Y 3" dyx; (2a)
i=1 j=1,i#j
N
sty xj=1 j=12,- N—1 (2b)
=
n
Zx,-jzl i=1,2,---,N—1 (2¢)
=1
J#i
N
Y xiv=V (2d)
i=1
N
Y ay=V (2e)
j=1

yi—yi+Lx; <L -1
ui—uj—i—PxijSP—Q
vi—vi+Tx;j =T —cj

l<i#j<N-1 (21)
I<i#j<N-1 (g
I<i#j<N-1 (2h)

In the above formulation, (2b) -(2e) ensure that each node
is being served only once and that all the V vehicles are
being used. (2f) -(2h) are the subtour breaking constraints
which also represent the node constraints, capacity con-
straints and cost constraints respectively. In a word, these
equations ensure that all the tours are starting and ending at
the distribution center N and contains at most L severs nodes.
Meanwhile, every route has the capacity that no more than P
and the maximum allowable cost is 7.

Based on the allocation of electric vehicles, the route
of electric vehicles must not only consider the unit

transportation cost, but also consider the following costs:
(1) Fixed cost used by vehicles Cy;

(2) Waiting cost incurred by waiting customers 7C3 - wyj;

(3) Charging cost of vehicles TC3 - ¢

Thus, the objective function becomes:

Model 3

N N

Min YY" (TCidyxij+Ci+TCy -wyj+TCs-ej)  (3a)

i=1 j=1,i#j

With this objective, we need to add the following
constraints:

(1) Whether the electric vehicle is charged, the total num-
ber of constraints that need to be added at this time is
(N—1-(N—-1).

(2) The time window constraint of the electric vehicle,
the total number of constraints that need to be increased at
this timeis2- (N — 1) - (N — 1).
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(3) Whether the electric vehicle is waiting for the
constraint, the total number of constraints that need to be
increased at this timeis (N — 1) - (N — 1)

In addition to the above cost constraints, we need to
further consider the choice of model. This will add new con-
straints, which means that the scale of the Model 3 increases.
Therefore, accurate models cannot solve the problem of
large-scale distribution of electric vehicles, a heuristic
algorithm suitable for large-scale problems needs to be
proposed.

IV. PROCESS FRAMEWORK

Through the statistical analysis in Table 1, it is found that the
research focus on VRP includes the distance traveled by the
vehicle, the quality of the cargo carried by the vehicle,
the time window of the customer, the fixed cost of the vehicle,
the cost of charging the vehicle and the cost of waiting for the
vehicle. But studies included all of the above factors have not
yet appeared. In addition, when reviewing the literature on
exact algorithms for solving VRP problems, it is found that
when the number of customers exceeds 30, the existing exact
solving algorithms cannot solve the problem, and heuristic
algorithms are needed to solve large-scale problems. The
problem of electric vehicle distribution in the real manage-
ment problem far exceeds the scale of 30 nodes. Therefore,
the heuristic algorithm is more suitable for solving the model
proposed in this paper.

For heuristic algorithms for VRP problems, commonly
used solving algorithms include ant colony algorithm [35],
genetic algorithm [36], simulated annealing algorithm [24],
2-opt, 2-exchange [35], [37], [21], or-opt, and so on. In fact,
the mixed use of some simple algorithms may be more ideal
in terms of computational speed and accuracy. The mixed
algorithm proposed in this paper makes practical problems
more available. Also, the mixed algorithm is effective in
reducing algorithm complexity, in the calculation process, the
algorithm complexity sometimes determines the success of
the algorithm.

Step 1: Get basic data. In this process, the collected data
includes the location of the distribution center, the location of
the charging station, the location of the customer, the shortest
travel time between any two locations, the volume and quan-
tity of customer demand, the demand time window, and the
basic information of transportation vehicles.

Step 2: Get the initial delivery route. Using an iterative
algorithm to gradually obtain the information of each dis-
tribution line, including the departure time, end time, and
delivery position and delivery sequence of each vehicle.

Step 3: Optimization using insertion. Insert one or more
nodes in one line into another line to optimize delivery costs.

Step 4: Optimization using exchange method. Exchanging
one or more nodes in one line with one or more nodes in
another line to achieve optimal distribution costs.

Step 5: Optimize the charging position of each line.
Optimize the charging position in a line, including the
selection and optimization of the charging pile location.

VOLUME 8, 2020
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Step 6: Optimize a single line again using the insert
method. Insert new nodes again in the previously optimized
route to get the best delivery cost.

Step 7: Reusing the exchange method to optimize a single
line again. Exchange one or more nodes in one line with
one or more nodes in another location to achieve optimal
distribution costs.

Step 8: Line optimization termination detection.
Determine whether the optimization method of the second
step to the seventh step optimizes the distribution cost, and
if it is optimized, returns to the second step, otherwise the
iteration ends.

Figure 1 through Figure 7 illustrate how the mixed
algorithm doing when determine the delivery route. There are
two ways to optimize the delivery route, one is to optimize the
order of the same vehicle to visit the customer, and the other
is to optimize the service customers of different vehicles.

The mixed algorithm accelerates the speed of problem
solving and also greatly reduces the complexity of the
algorithm. Table 2 shows the complexity of different
algorithm, and the mixed algorithm has a significantly low

FIGURE 3. Initial state of the exchange method.
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FIGURE 5. The schematic diagram of the 2-exchange method.

il +2 i-1 i+2

After insertion

Before insertion

FIGURE 6. The insertion way of Or-opt with two nodes.

Before exchange After exchange

FIGURE 7. The schematic diagram of the 2-exchange method.

complexity [38]. Time complexity is used here to com-
pare different algorithms. The higher the time complexity,
the greater the difficulty in solving.

Figure 8 shows the framework of all 8 steps in the mixed
algorithm. A tabu search table can be used to reduce the
number of iterations. With the tabu search table, in-group
optimization and inter-group optimization of distribution
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TABLE 2. The estimated complexity of three intelligent algorithms.

Algorithm

Ant colony

Genetic

Simulated annealing

Mixed (This paper)

Complexity

=0 (n®)

=0 (n®)

=0 (n®) <0 (n®

Standardized basic data

‘ Create a tabu search table H Search using the tabu search table for each optimization

)

Generate initial
feasible solution

.

The distribution node is the set S, and the
undelivered node is the set V.

}‘7

Determining initial tours based on the nearest delivery
Method under different vehicle models

!

Find the loop node set (¥;) with the lowest unit distribution cost

After the optimized distribution node setis S+,

the undelivered node set is V' -V,

Generate a search table for
four optimization methods

Determine the latest
search table

it is judged whether insertion Optimization

v

collection is empty

According to the search table,

between loops is needed.

Insertion optimization
between loops

Update search table 1

No

According to the search table,
it is judged whether exchange Optimization
between loops is needed.

Yes
Exchange optimization
between loops

Update search table 2

According to the search table,
itis judged whether insertion Optimization
between inside loops is needed,

Insertion optimization
between inside loops

Update search table 3

According to the search table,
it is judged whether exchange Optimization
between inside loops is needed,

No
Exchange optimization
between inside loops

Update search table 4

No Whether all search tables

have not changed

‘ Get the optimal solution

FIGURE 8. The framework of mixed algorithm.

lines can be quickly implemented. In- group means that
the order in which a vehicle visits the customer must
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be considered, and inter-group means that different vehi-
cle travel routes must be considered. Each time the loop
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TABLE 3. Vehicle information.

Vehicle Vehicle ﬁ/)[:gil:;um Approved Number of Continuous Charging Transportation cost zlsshtwle use
number name capacity(m®) mass(t) vehicles(sets) mileage(m) time(h) per kilometer(yuan) (yuan/day)
1 IVECO 12 2 Unlimited 100000 0.5 6 100
2 TRUCK 16 2.5 Unlimited 120000 0.5 7 150
TABLE 4. Merchant delivery data.
Serial . . Total weight of Total package Earliest Latest receipt
number Type Longitude Latitude the package(t) volume(m?) receipt time time
0 1distribution center 116.2178281 39.8284768 - - - -
1 2 merchants 116.2277444 39.8082019 0.2 0.3 9:00 13:00
2 2 merchants 116.1547463 39.9190325 0.3 0.5 13:00 15:00
1000 2 merchants 116.2596762 39.8666014 0.6 0.4 9:00 11:00
1001 3charging station 116.2279444 39.8913761 - - - -

optimized by inserted or exchanged, a new tabu search
table will be generated. Repeat these steps until the optimal
solution is found.

V. CASE STUDY

A. CASE ANALYSIS OF COMPANY A

To validate the performance of the model, we perform exper-
iment using the distribution data of Company-A in city X.
In order to protect user privacy and data security, all data has
been sampled and desensitized. The data includes statistical
data of the distribution services provided by the logistics
center B of company A to more than 1,000 customers scat-
tered in city X on a certain day in 2018. Table 3 shows the
information of logistics vehicles, Table 4 shows part of the
merchant delivery data.

The data includes the GIS Ilatitude and longitude
coordinates of the node, the delivery of the cargo data on
a certain day, and the information of the distribution center
and the charging station. Clients are B2B customers or com-
modity customers, Company-A Logistics expects to combine
various factors to minimize transportation costs, waiting
costs, charging costs and fixed use costs.

The following assumptions were made during the
experiment:

(1) The vehicle departs from the distribution center and
needs to return to the distribution center after customer needs
are met. The vehicle can be re-circulated and re-routed several
times. The departure time is 8:00 in the morning and the latest
time to return to the center is 24:00 that day.

(2) The arrival time of the vehicle must arrive before the
latest time requested by the customer, and there is a waiting

VOLUME 8, 2020

cost before the earliest arrival time requested by the customer;
the first departure of the distribution center does not count
the waiting cost, and the rest waits to calculate the cost; if the
vehicle is not used, it will not incur any cost.

(3) The vehicle departing from the distribution center is
fully charged, and does not calculate the charging cost and
charging time, including the phenomenon of multiple trips to
and from the distribution center.

(4) Each distribution vehicle does not exceed the vehicle
load and volume limits.

(5) Customers must be served, and each customer can only
be served by one car a day, the unloading time is constant at
0.5h, and the loading time is not taken into account.

(6) The number of charging piles in the charging station is
not limited. The vehicle needs to be charged at the charging
station before the sustainable mileage arrives. The vehicle
is fully charged once, and the charging time is constant
at 0.5h.

Figure 9 shows the data related to the distribution of city X.
The purple diamonds are the distribution centers. The blue
points are service nodes which with a round-trip distance of
less than 100km from the distribution center, the light blue
nodes are service nodes which with a round-trip distance from
the distribution center of 100km to 120km, and the red points
are service nodes which with a round-trip distance of more
than 120km from the distribution center. The green dots are
charging stations.

It gives the basic data information table of an enter-
prise electric vehicle distribution from Table 3 and Table 4.
Company A is currently responsible for the distribution of
goods for 1,000 stores and has 100 locations for charging.
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TABLE 5. Cost changes during the optimization.

Distribution cost Charging cost Waiting cost Fixed cost Total cost
Before optimization 267397 5750 226 37500 310873
After optimization 213886 4100 1472.4 29900 249358
B. CASE ANALYSIS OF COMPANY B
B i In order to test the effectiveness and reliability of the hybrid
bt .. . . .
A2E T + ot heuristic algorithm, this paper uses another case to illustrate.
204 &JJ—T,. i L e . .. .
BT L P . In the verification process, in view of the small size of the ant
i + E . . . . .
%ﬁ% # " +¢+41* ++++jr'ﬂ ﬁiﬁ: i colony algorithm and genetic algorithm, this article randomly
E + f . . .
0 &Iﬁﬂ Fﬁ&? i ﬁi e +#I+ e selected 200 customer information from the data provided by
+ i = . .
3 R ;‘g & fﬁ%ﬁ %ﬁi & 13;:[ A A&+ Company B as a small sample. The mixed algorithm proposed
= L e 7 -Hgﬁ ! t 4 . . . . .
2000 v et e B Tt in this paper, ant colony algorithm and genetic algorithm
a 3 T
%ﬁﬁ,ﬁ ¥ P %@: * are used to calculate the sample data, and the results are
98 #:; - T jffjr f;i g}ﬁ*ﬂﬁ&* h compared and analyzed to get the solution efficiency of the
e " o .
i t}%:t *&ﬁ%; #ir Tow three algorithms:
397+ +
1) ACQUISITION OF SAMPLE DATA
396 : : : : : : ; The data used in the sample calculations are derived from
116.1 116.2 116.3 116.4 116.5 116.6 116.7 116.8 . . .
Longitude the data provided by Company B, using random points to

FIGURE 9. Distribution map of distribution nodes in a city.

4021

401

401

Latitude
w
(=]
[{=]

39.8 -

7" *  Distribution node
O Charging station
396 . . . . . . ,
116.1 116.2 116.3 1164 1165 116.6 116.7 116.8
Longitude

FIGURE 10. Some optimal result of EVRPTW in Company-A.

After optimization of the algorithm, it can be found that the
number of vehicles required to complete the task is reduced
by 13 vehicles. Table 5 gives the cost improvement of the
optimization process, the total cost is reduced by 61,515 yuan,
and the reduction ratio is 20%. It shows that our algorithm has
better optimization results.

Figure 10 demonstrates the optimal result of EVRPTW in
Company-A, each loop represents one vehicle departing from
distribution center and go back to there when customers have
been served. Blue square means charging station that electric
vehicles can get charged on a trip. After the vehicle departs
from the center, it reaches the red node in turn and enters the
charging station to charge when needed, then return to the
center.
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select customer points, which makes the sample calculations
representative. Randomly select 200 customer points from
1000 customer points, and obtain relevant delivery informa-
tion in the sample data by establishing a customer index. Due
to the large amount of data, only part of the data is displayed.
The basic information of the data is shown in Table 6:

2) SETTING OF BASIC PARAMETERS

After obtaining the calculation data, the parameters of the
algorithm need to be set. In the setting of ant colony algo-
rithm, set the pheromone importance parameter alpha value
to 1, heuristic factor importance parameter beta value to 5,
pheromone evaporation coefficient Rho value to 0.75, and
pheromone increase intensity coefficient Q is set to 10, and
the number of ants is set to 200 since ants will die during the
process of optimizing. After a lot of experiments, the ratio of
ants to client nodes is 1.5: 1. The maximum iteration number
item_max is set to 200, and the maximum capacity of the
vehicle is 1. While in the setting of genetic algorithm, set the
population size parameter to 100, the maximum number of
iterations is 300, the crossover probability is 0.85, and the
mutation probability is 0.15.

3) COMPARATIVE ANALYSIS OF RESULTS
The three algorithms are compared and analyzed in terms
of the complexity of the algorithm, algorithm solution speed
and algorithm solution time. Before the analysis, calculate
the total travel distance, total cost, and time when the mixed
heuristic algorithm solves 200 customer nodes. Table 7 shows
the time for the three algorithms to calculate the optimal
delivery route and the total cost of the corresponding delivery
route when the number of customers changes from 10 to 200.
Table 7 also shows the solution scale, cost optimization
effect, and solution time of the three algorithms at dif-
ferent scales. From the data in table 7, we can find that:
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TABLE 6. Basic information of sample data.

Customer Longitude Latitude demand earliest receipt time latest receipt time

1 116.242043 40.072630 0.2076 09:00 12:00
2 116.403595 39.872945 0.05863 13:30 14:00
3 116.186289 40.016361 0.03645 13:00 15:00
4 116.508011 39.826296 0.02595 09:00 10:00
5 116.130997 39.825921 0.0198 11:00 13:30
6 116.292094 39.942186 0.02653 11:30 13:00
7 116.439797 39.833047 0.06097 09:00 11:00
8 116.508963 39.823860 0.01075 13:00 15:00
9 116.378689 39.795018 0.221895 09:00 12:00
10 116.358365 39.922532 0.025 13:00 14:00
11 116.373796 39.865785 0.051942 13:30 15:30
12 116.183008 40.161382 0.04723 13:30 15:30
13 116.160112 40.047810 0.692255 13:30 14:00
14 116.678619 39.847616 0.01055 10:00 12:00
15 116.226258 39.713316 0.0505 11:00 12:00
16 116.306948 40.099512 0.348 09:30 11:00
17 116.408698 39.766474 0.4524 10:00 11:00
18 116.333278 39.851693 0.518445 09:30 10:30
19 116.197001 40.113750 0.0208 13:00 14:00
20 116.406780 40.151046 0.0886 09:00 10:00
21 116.144710 39.969706 0.02865 09:00 12:00
22 116.129614 39.813060 0.0105 10:00 11:00
23 116.643754 40.013940 0.0856 13:00 14:30
24 116.296372 39.837049 0.03304 13:30 15:30
25 116.447047 40.008081 0.02366 09:00 12:00
26 116.471535 39.966890 0.24 10:00 11:00

when processing less than 50 customer nodes, the perfor-
mance gaps among the ant colony algorithm, genetic algo-
rithm and the mixed heuristic algorithm are not large. In the
example, the maximum calculation scale of the ant colony
algorithm is to calculate 160 distribution lines between cus-
tomers. Genetic algorithm and the mixed algorithm proposed
in this paper can calculate the distribution routes among more
than 200 customers in a short time, the calculation speed
of the mixed algorithm is faster than that of the genetic
algorithm. The minimum total cost of the delivery route cal-
culated by ant colony algorithm and by genetic algorithm are
comparable, which are higher than the total cost of the mixed
heuristic algorithm, and the solution time is significantly
longer than the mixed heuristic algorithm used in this paper.
When solving large-scale examples in this paper, the mixed
heuristic algorithm has the ability to solve large-scale
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examples, but the ant colony algorithm and genetic algorithm
cannot. Therefore, the mixed heuristic algorithm is feasible
in solving the examples provided by Company B, also could
get a better result.

Table 8 compares the cost changes of 200 customer nodes
before and after optimization. In the distribution process of
the first 200 customer nodes, the merchant needs delivery
costs of 59682 yuan, charging costs of 3750 yuan, waiting
costs of 423 yuan, and fixed costs of 9600 yuan. The total
cost is up to 73,455 yuan. After the solution optimization of
the mixed heuristic algorithm, the results show that the opti-
mized distribution cost is reduced by 4019 yuan, the charging
cost is reduced by 2400 yuan, the waiting cost is reduced
by 310 yuan, and the fixed cost is reduced by 2600 yuan.
The total cost was reduced by 9132 yuan. The cost contrast
before and after optimizing can prove that the mixed heuristic
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TABLE 7. Algorithm comparison analysis.

Number of Mixed heuristic Algorithm Ant Colony Algorithm Genetic Algorithm
cf;g:;er Initial cost (yuan) 0p£$?;;?§; ?itzzn) Total time (s) op—tl;?r:?zlaft?s:l ?l;tzzn) Total time (s) op—tl;;)r:?zlact(i)(itl ?iftz:m) Total time (s)
10 8095.10 5817.16 2.776 5817.15 4.554 5708.05 3.274
20 10699.28 9730.32 3.185 10278.80 5.339 9956.60 5.127
30 16800.79 14247.39 5.354 15887.34 7.625 14058.26 11.645
40 18265.36 16440.58 10.016 17012.81 12.236 20034.56 18.267
50 24017.35 21619.14 13.341 22269.68 18.968 21213.43 25.125
60 25572.82 23338.92 20.510 24212.13 34.019 27598.24 36.198
70 35847.98 27932.34 32.449 31310.36 46.665 27946.28 44.395
80 36603.91 32426.00 42.000 34668.85 57.968 31986.68 62.894
90 40093.54 31508.81 89.362 38457.23 75.798 40152.50 87.158
100 39284.87 33204.26 81.148 39320.40 110.755 40597.44 97.168
110 43530.50 39145.86 71.522 41218.15 146.745 43646.13 141.150
120 46996.81 41237.32 84.861 43129.83 178.147 42198.26 186.247
130 53054.98 44145.87 174.033 45155.32 221.830 44117.58 213.255
140 55946.76 48092.73 188.135 49656.25 299.852 51298.45 318.656
150 62418.59 54984.01 270.714 52557.67 371.517 59142.20 340.571
160 60266.20 50115.93 195.058 54649.64 417.555 61298.26 409.235
170 67719.32 57317.87 309.661 —_— e 63784.28 451.478
180 69955.08 60010.04 304.892 —_— —_— 65412.35 573.269
190 71589.60 62242.67 374.168 —_— —_— 68354.24 686.630
200 73455.232 64323.82 528.440 —_— —_— 71426.77 751.164

TABLE 8. Cost changes before and after optimization.
Dism(l;llzg;l cost Charging cost (yuan) Waiting cost (yuan) Fiz(;jarcl()m Total cost (yuan)
Before optimization 59682 3750 423 9600 73455
After optimization 55663 1350 310 7000 64323
800 « 10"
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FIGURE 11. Comparison of calculation time of algorithms.

algorithm has a good effect on solving large-scale calculation
examples. Figure 11 shows the time taken to calculate the
distribution route in the three cases of the initial state of
company B, the ant colony algorithm, and the mixed heuris-
tic algorithm, the mixed algorithm proposed in this paper
can effectively reduce the calculation time. Figure 12 shows
the comparison of distribution costs in three cases. In most
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FIGURE 12. Comparison of cost of algorithms.

cases, the cost of the mixed heuristic algorithm is the lowest.
Figures 11 and 12 prove that the proposed algorithm in this
paper is effective.

VI. CONCLUSION
In the context of the urgent global energy storage and the seri-
ous pollution of the ecological environment, electric vehicles
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have attracted more and more attention and use from coun-
tries. However, electric vehicles are very restrictive in terms
of capacity, mileage and charging in the logistics industry.
Therefore, the optimization and improvement of the elec-
tric vehicle distribution problem has theoretical promotion
and practical application value. However, with the traditional
mixed integer programming model and the calculation speed
and capability of current ordinary computers, it is difficult to
find the problem of electric vehicle allocation with more than
30 nodes in a shorter time. The mixed heuristic algorithm
proposed in this paper can effectively solve this problem
and obtain electric vehicle distribution routes for large-scale
distribution problems in a short time. The mixed algorithm
contains two parts: insertion method and exchange method,
which can continuously improve the accuracy of the results.
At the same time, the tabu search mode with insertion or
exchange effectively improves the calculation speed of the
algorithm. Finally, the application value of the algorithm
is verified through two examples. In the future, it is still
very meaningful to study heuristic algorithms for large-scale
electric vehicle allocation problems with faster calculation
speed.
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