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Abstract: In order to play the important role of electric vehicles to promote the realization of the
3060 double carbon target, electric vehicles have seen explosive growth. However, due to the tight
symmetry between the number and distribution of electric vehicles and their corresponding charging
facilities, the layout of charging facilities has higher requirements. This paper collects travel data
in the form of a traffic travel questionnaire for electric vehicle users. Based on the vehicle parking
demand model of the queuing theory and Monte Carlo simulation, the paper gives the number
of stopping vehicles and the time of vehicles stopping in different places such as residential areas,
workplaces, supermarket parking and roadside. In addition, based on the Bass prediction model, the
main parameters are modeled in the model, and the price correction coefficient is introduced. The
improved Bass model is used to predict the growth trend of electric vehicles in different regions in
different years and in different incentive sites. By predicting the ownership of urban electric vehicles
and accurately grasping the distribution and operation of electric vehicles, this paper can provide
guidance and suggestions for the planning and construction of charging facilities in different regions,
effectively reduce the investment cost of charging facilities and guide local governments to formulate
reasonable planning schemes.

Keywords: electric vehicle; travel rule statistics; M/M/c queuing theory; improved Bass model;
ownership prediction

1. Introduction

As oil resources become increasingly scarce, traditional fuel vehicles consume a lot
of energy and emit a lot of greenhouse gases, while electric vehicles, as a power source,
have the advantages of low pollution and high energy efficiency [1,2], the large-scale
development of electric vehicles is one of the means to alleviate the increasingly severe
energy and environmental problems [3]. By June 2021, the number of electric vehicles
in China was 6.03 million, and the number of pure electric vehicles was 4.93 million,
accounting for 81.68% of the total number of electric vehicles. However, when large-scale
electric vehicles are connected to the grid, there is bound to be a significant impact on
the grid. Moreover, if not planned, the rapid growth of the number of electric vehicles
will seriously affect the symmetry of the number and distribution between them and the
supporting charging facilities. Therefore, it is the basis of planning charging facilities
to make reasonable statistics of travel rules and accurately predict the later period of
ownership [4–6].

The analysis of electric vehicles travel rules involves users’ commuting behavior,
travel time, residence time, charging behavior selection, etc. Based on the data of 492
questionnaires, literature [7] collected relevant data of electric vehicle driving and explored
user preferences and cognition of electric vehicles based on planned behavior theory
and consumer decision theory. Xu et al. [8] analyzed the spatial behavior characteristics
of travelers based on travel chain, and studied the driving behavior characteristics of
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travel purpose, travel starting point and travel distance. In the literature [9,10], a random
travel chain was introduced to simulate the movement characteristics of electric vehicles.
By mining and analyzing the travel data of HNTS, the probability distribution of each
characteristic quantity in the travel chain was obtained, and then the temporal and spatial
distribution of electric vehicle charging demand and load was calculated by probability
sampling. Based on the Monte Carlo simulation, the spatial-temporal characteristics of
users’ travel behaviors are described, and the charging and discharging behaviors of electric
vehicles are simulated and predicted [11,12]. At the same time, range anxiety affects the
driving path choice of electric vehicles users [13]. The literature [14] analyzes the driving
path of electric vehicles users and puts forward a generalized model of road network
path choice based on user range anxiety. Hu and Yue [15] start from the travel behavior
of electric vehicles users, and based on the point demand and path demand, combined
with the queuing theory model of electric vehicles charging station, rationally chooses the
location of charging station and allocates the number of charging piles, so as to plan the
urban charging infrastructure.

Due to the limitation of driving range and insufficient charging facilities, there is a
big gap between the development of electric vehicles and traditional fuel vehicles. The
literature [16] mainly adopted Logistic and Compertz curve models to analyze, and be-
lieved that the popularization of vehicles would go through three stages: rapid exponential
growth stage, steady growth stage and steady-state, and tried to determine the bliss point
of vehicle ownership rate by the different variables. Wang [17] analyzed the main social
indicators related to vehicle ownership, and predicted electric vehicle ownership based
on grey correlation analysis and BP neural network. The Simpson formula was used to
improve the background value of the grey neural network so as to improve the predic-
tion progress of the model. The literature [18–20] analyzed various factors and related
relationships affecting the development of electric vehicles from a macro perspective, and
obtained the development trend of electric vehicles by using the idea of system dynamics.
In literature [21,22], the Bass model is improved to achieve the dynamic modeling for the
prediction of medium and long-term ownership of electric private cars.

In this paper, the basic travel data of electric vehicle users are obtained by designing a
questionnaire, and the statistical model of electric vehicle users’ travel rules is established
by using the data fitting method. The vehicle parking demand model based on queuing
theory and Monte Carlo simulation are presented to give the number of stopping vehicles
and the time of vehicle stopping in different places such as residential areas, workplaces,
supermarket parking and roadside. In addition, considering economic, policy, environ-
mental and other factors, the growth trend of regional electric vehicles under different
incentive places is predicted based on the improved Bass model. The travel patterns and
the forecast results of electric vehicles can accurately grasp the distribution and operation
of electric vehicles and provide data support for safe charging of electric vehicles, thus ef-
fectively reducing the occurrence of battery spontaneous combustion and charging facility
failure during the charging process. Moreover, it can provide guidance and suggestions
for the planning and construction of charging facilities in the region, which can effectively
reduce the investment cost of charging facilities and guide the local government to make
reasonable planning schemes.

This article is organized as follows. In Section 2, statistical analysis is made on the
urban EV travel rule by questionnaire. In Section 3, based on the improved Bass model,
the regional electric vehicle ownership is predicted and simulated Conclusion is followed
in Section 4.

2. Statistical Analysis of Urban Electric Vehicle Travel Rules
2.1. Traffic Travel Questionnaire Design for Electric Vehicles Users

In combination with the development situation of Xinjiang and the goal of charging
facilities construction demand, and considering the main factors affecting the travel rule of
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electric vehicles, a traffic travel questionnaire for electric vehicle users was designed. In
this paper, the main factors affecting the travel of electric vehicles are as follows:

1. Average daily travel mileage

Average daily travel mileage refers to the total miles of users’ daily travel behavior.

2. Travel mileage

Travel mileage refers to the distance electric vehicles users travel from their starting
point to their destination. It is related to the travel purpose of electric vehicles, which
can be divided into four categories: commuting, leisure and entertainment, official and
business trips, and visiting relatives and friends.

3. Parking place

The parking times and duration of each vehicle in different places are also differ-
ent. Parking places are mainly divided into workplaces, residential areas, roadside and
public parking.

4. The initial SOC

The initial SOC refers to the starting SOC when an electric vehicle chooses to charge.
At present, due to the low number of electric vehicles in Xinjiang, it is difficult to

obtain sufficient data, so the number of research samples is small. Based on the travel and
parking rules of traditional fuel vehicle users, the study can be conducted instead of electric
vehicle users (Tables 1–3).

Table 1. Parking scenarios of electric vehicles in different time periods.

Options Workplace Residential Area Roadside Public Parking

0:00–8:00
8:00–13:00
13:00–15:00
15:00–19:00
19:00–0:00

Table 2. The parking time of electric vehicles in different scenarios.

Options <1 h 1–3 h 3–5 h 5–8 h >8 h

Residential Area
Workplace
Roadside

Public Parking
Shopping Parking

Table 3. Charging behavior of users with different residual fuel.

Options

10%
20%
30%
40%
50%

Random

Q1 Average daily mileage of your vehicle?
Q2 The daily mileage per trip of your vehicle?
Q3 Where is your car usually parked in each period?
Q4 What is your daily parking time?
Q5 How much fuel is left in your vehicle when you choose to refuel?
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2.2. Mathematical Modeling of Electric Vehicle Travel Behavior

The travel behavior and charging selection behavior of electric vehicle users are
related to the remaining batteries capacity, the average daily mileage, the parking place,
the parking time and other factors.

2.2.1. Electric Vehicle Remaining Batteries Capacity Model

Battery has always been the focus of the development of the electric vehicle industry,
and the range of electric vehicles is a measure of the level of development of electric vehicle.
Now, electric vehicles have made some progress in battery technology, but the public is still
anxious about battery technology. The SOC of remaining batteries capacity is the key factor
of users’ willingness to charge and a key indicator to measure users’ charging demand. A
questionnaire survey was conducted to obtain the probability distribution of whether the
user has the intention of charging in the SOC of different remaining batteries capacity.

The initial SOC of charging obeys normal distribution, and its probability density
function is:

fS(x) =
1√
2πσ

exp(− (x− µ)2

2σ2 ) (1)

Figure 1 is the probability distribution of Percentage of battery remaining capacity.The
questionnaire data of 1156 electric vehicle owners were selected and 12 invalid data were
screened out. If the respondent’s choice was random, they chose one option at random
between 10% and 50%.
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Figure 1. Probability distribution of percentage of battery remaining capacity.

In the known statistical data, there are 361, 500, 183, 49 and 51 people with 10% to 50%
of the remaining batteries capacity, and the average µ = 20.42% and standard deviation
σ = 10.38% of the battery remaining capacity can be obtained.

2.2.2. Average Daily Mileage Model of Electric Vehicles

Vehicle daily mileage is generally obtained by GPS positioning or travel survey. GPS
positioning is limited by the cost, and the sample data are generally less, with poor repre-
sentativeness. After years of investigation and accumulation, domestic and foreign Vehicle
travel survey statistics have been relatively perfect, among which the most representative
data comes from HNTS. By analyzing HNTS data, it is obtained that daily vehicle mileage
x satisfies lognormal distribution, and its probability density function is [23]:

fD(x) =

{
1√
2πσ

exp(− (ln x−µ)2

2σ2 ), x > 0
0, x ≤ 0

(2)
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The x is the distance traveled, µ is the mean of lnx, and σ is the standard deviation
of lnx.

According to the data, the mean value of x is 39.78 and the standard deviation is 29.31.
The lognormal distribution of the average daily mileage is shown in Figure 2.
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2.3. Vehicle Parking Demand Model Based on Queuing Theory and Monte Carlo Simulation

Considering the fixed parking capacity in different areas such as workplaces and
residential area, when the electric vehicles driver finds that there is no parking space
in the current area, he will choose to leave. As a result, the parking demand of electric
vehicles is highly correlated with factors such as the arrival time of each vehicle in different
time periods, the time difference between two consecutive vehicles arriving at the same
area and the parking time of vehicles, so the paper considers introducing performance
indicators of queuing theory model to measure the parking demand, and through Monte
Carlo simulation to verify the efficiency and high accuracy of the results.

2.3.1. Queuing Theory

Queuing theory, also known as stochastic service system theory, is a mathematical
discipline specially used to study the phenomenon of crowded queuing [24]. The purpose
of queuing theory is to solve the optimal design and control of service system by studying
the probabilistic characteristics of various service systems queuing. A queuing service
system mainly consists of input process, queuing rules and service organizations. The
structure model of the queuing system in the charging station is shown in Figure 3.
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Figure 3. Structure diagram of queuing system in charging station.

The daily travel time and destination of electric vehicles are random, and so are the
electric vehicles with quick charging needs accessing charging stations. The electric vehicle
charging station is a random service system. The service objects are electric vehicles, the
service facilities are charging machines, and the service institutions are charging stations.
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The parking of electric vehicles in different areas is taken as a random service system,
and it is the queuing system M/M/c of multiple service stations. The first M represents
the probability distribution of the time interval between the arrival of adjacent electric
vehicles in this area, which obeys the Poisson distribution. The second M is the probability
distribution of the service time of each service station, that is, the parking time, obeying a
negative exponential distribution. In addition, c is the number of service stations, which is
generally distributed randomly.

The queuing system consists of three parts: arrival time, service time and service
rules of electric vehicles. The system has the following characteristics: (1) Vehicles come
separately, are independent of each other, and the process of arriving at the service system
within a certain time obeys Poisson distribution. (2) The service rule in the vehicle parking
demand model is that come first and served first. At the same time, the service efficiency
of each service station is the same. (3) Arrival time and service time are sampled from
random numbers and probability distributions that conform to the survey data.

In different periods, the time for each electric vehicle to arrive at charging stations in
different regions obeys Poisson distribution, then its density function is:

P(x) =
λx

x!
e−λ (3)

where, λ is the average number of electric vehicles arriving in different areas in each
time slot.

Meanwhile, the interval time between two continuous vehicles arriving at the same
area follows an exponential distribution, and the parameters in different areas at different
time periods are considered to be different. Its density function is:

FT(x) = 1− e−λx (4)

All the electric vehicles entering the charging station for charging are independent
of each other, when time interval length ∆t is small enough, in the time period [t, t + ∆t],
the probability of customer arriving service system is only related with the length of time
interval, and it is not related to the starting time, and in the time period [t, t + ∆t], the
probability of two customers arriving the service system at the same time is very small, the
above characteristics satisfy the characteristics of Poisson distribution that are no aftereffect,
stationarity and general type.

2.3.2. Monte Carlo Algorithm

Monte Carlo simulation method is a random simulation method based on probability
and statistics methods. It generally uses random numbers to give a probability model
on a complex problem, so that the solution of the complex problem corresponds to some
characteristics of the random variables in the model, so as to achieve the purpose of solving.
The Monte Carlo simulation method has the advantages of less computation, higher
accuracy and faster speed. According to the daily mileage distribution, parking distribution
and other data, Monte Carlo simulation is adopted to extract the travel distribution of
electric vehicle in different regions at different times. The flow chart is shown in Figure 4.
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2.3.3. Simulation Analysis of Vehicle Parking Demand Based on Monte Carlo Algorithm

According to known survey data statistics and Equation (3) distribution, random
numbers are generated to obtain the average number of electric vehicles parked in different
areas in each time segment, as shown in Figure 5.

Meanwhile, the interval time between two continuous vehicles arriving at the same
area follows an exponential distribution, and the parameters in different areas at different
time periods are considered to be different.

Random numbers are generated based on the known survey data collected in Tables 1–3
and Equation (4) distribution. The parking time of each electric vehicle in different time
periods in different regions can be obtained. The residence time curve of electric vehicles
in various regions is shown in Figure 6.
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The function curve of parking time can be fitted by polynomial based on existing data,
and its expression is as follows:

f (x) = p0xn + p1xn−1 + · · ·+ pnx0 (5)

Based on the Monte Carlo algorithm, polynomial fitting curves of residence time
of electric vehicles in five regions were obtained, as shown in Figure 7. By sampling
polynomial curves, the random residence time of electric vehicles in each region can
be obtained.

Through the above system parameters, the waiting time of each electric vehicle in
each area can be calculated, and the waiting time can be taken as the main indicator of the
parking demand of electric vehicles. For the ith owner, in the M/M/c system, if i ≤ c, the
waiting time is 0, and the owner can find a parking space in the area directly. If i > c, the
vehicle owner needs to look for a parking space around the area for a period of time, and
the maximum waiting time for customers is set as T. We stipulate that the vehicle owner
will find the first free parking space, then the waiting time of the ith vehicle owner must be
calculated and compare his arrival time plus the maximum waiting time with the earliest
time of the c vehicle owners who leave the area.
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Based on the Monte Carlo simulation method, the whole electric vehicle parking sys-
tem is simulated by random number and fitted parameter distribution, finally the waiting
time is obtained as the main indicator of vehicle parking demand in different regions.

It is assumed that there are 1044 electric vehicle owners in the system, and the simula-
tion experiment is run 200 times, and the results are analyzed. Considering the patience
and practical situation of electric vehicle owners, it is set that if the queuing time exceeds
12 min, the owners will leave automatically. According to the experiment, about 200 park-
ing Spaces need to be set up in the residential area so as not to lose the owners, and the
average waiting time is 0.86 min. The workplace needs to set up about 211 parking spaces,
the average waiting time is 4.5 min. About 104 parking spaces need to be set up on the
roadside, and the average waiting time is 4.15 min. The average waiting time for a public
parking is 3.86 min, with about 138 spaces. From the results of the experiment, the parking
demand of the residential area and the workplace is the largest, followed by the public
parking, and the parking demand of the roadside is the smallest.

3. Regional Electric Vehicle Ownership Prediction Based on the Improved Bass Model
3.1. Analysis of Factors Promoting the Growth of Electric Vehicles

At present, the main factors affecting the development of electric vehicles include the
factors of the electric vehicle industry itself and other factors related to electric vehicles.

For the electric vehicle industry itself, the main influencing factors are the technical
development level of the electric vehicle industry, such as the level of electric vehicle charg-
ing infrastructure construction and the progress level of battery technology, which includes
battery range, fast and slow charging time [25,26], and adaptability to low temperature in
winter, etc. [27].

From the point of developing the low temperature adaptability of the electric vehicle
in winter, through attaching with the power battery manufacturers, such as BYD (Shenzhen,
China), CATL (Ningde, China), collecting the official electric vehicle test report in cold
weather (Mohe in Heilongjiang, Zhangjiakou in Hebei), and making electric vehicle owners
using condition research in the north of Xinjiang, it is found that foreign electric vehicle
range about 20~25% lower in winter (Tesla 20% lower), domestic electric vehicle range
about 40~50% lower in winter. The daily mileage of electric vehicles is about 150 km, and
electric vehicles usually have 30 to 40% of base power in winter, charging power is 4~6 kw.
during the trough period, it can be charged to more than 80% in 7~9 h (including preheating
time) to meet the daily driving needs. With the iterative progress of technology, the battery
safety, charging time and capacity are constantly improving, and with the improvement of
the battery management system (BMS) and auxiliary heating system, the problem of the
decline of electric vehicle’s winter rangeability is being solved.

At the same time, in the early stage of the development of the electric vehicle industry,
the promotion of electric vehicles is affected by the strength of policy support and media
advertising. Policy support is determined by power grid support strength and government
support strength. If the number of days of severe weather pollution increases in a year, CO2
emissions from fuel vehicles increased rapidly, the government will actively promote the
development of electric vehicles, such as implementing incentive price or subsidy policies
and encouraging the research and development of new technologies. If the proportion
of electric vehicles discharging into the grid increases with the increase of the number of
electric vehicles, the power grid can realize the benefit of peak clipping and valley filling,
and the grid will also increase its support for the development of electric vehicles. The
interaction between electric vehicles and the power grid depends on charging piles, so the
support of the power grid for the development of electric vehicles is mainly reflected in the
construction of charging piles.

The main factor related to electric vehicles is the increase in oil price, which increases
the cost of using traditional fuel vehicles, thus promoting the promotion of electric vehicles.
The purchase intention of electric vehicle users is affected by factors such as electric vehicle
economy, charging convenience, and electric vehicle subsidy level. The pile-to-vehicle ratio
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refers to the ratio between electric vehicle charging and changing facilities and the number
of electric vehicles in a certain area. The larger the ratio is, the greater the proportion of
electric vehicle charging and changing facilities in the number of electric vehicles, and the
greater the charging convenience of electric vehicle users will be.

3.2. Improved Bass Modeling

Bass model, also known as the Bass diffusion model, was created by American market-
ing scholar Frank Bass. It is a market share prediction model specifically for the adoption
and diffusion of innovative products and technologies. Innovative adopters. Another
group of potential adopters, whose time to adopt a new product is influenced by other
members of society, and their pressure increases as the number of early adopters increases.
Bass calls these potential adopters imitators [28,29].

f (t + 1) = (p + q× F(t))× (1− F(t)) (6)

where f (t + 1) is the proportion of the number of new consumers in t + 1 year to the
total potential consumers in t + 1 year. F(t) refers to the proportion of the number of new
products in the cumulative total of similar products used in the market in that year. p
is the innovation coefficient (external influence coefficient), which reflects the number of
consumers who will purchase new products under external influence. q is the imitation
coefficient (internal influence coefficient), which reflects the number of consumers affected
by network effects and others’ purchasing decisions.

The Bass model expresses the nature of the diffusion process with mathematical
equations, which greatly simplifies people’s understanding of innovation diffusion and
makes it systematic. As a new technology product, the maximum market potential of
electric vehicles depends on the product technology maturity, coverage of public supporting
facilities, government media publicity and subsidies.

Parameters p and q determine the shape of curve F(t) in the Bass model, and the values
of p and q are mostly determined by fitting historical data of market share in relevant
studies. However, electric private cars are still in the early stage of promotion, and the
historical data such as sales volume and per capita ownership are not perfect. The method
to determine the parameters based on data fitting is not available at present [30]. Therefore,
this paper builds an improved Bass model on the basis of literature [31], changes the
constant coefficients p and q estimated based on historical conditions into the modeling
of parameters p and q under the consideration of relevant factors affecting the growth of
electric vehicles, and introduces the price correction coefficient. The iterative model of the
electric vehicle ownership prediction matrix is shown as follows:

E(t + 1) = E(t) + V(t)× λ× F(t + 1) (7)

V(t + 1) = V(t)× (1 + λ) (8)

F(t) =
E(t)
V(t)

(9)

f (t + 1) = (p(t) + q(t)F(t))× (1− F(t))× x(t) (10)

where E(t) is the ownership of private electric vehicles in the t year. V(t) is the total number
of private vehicles in the t year. λ is the annual natural growth rate of private vehicles.
F(t + 1) is the proportion of the number of new electric vehicles in t + 1 year to the total
potential vehicles sold in the market in t + 1 year. F(t) is the penetration rate of private
electric vehicles in the t year, and is the proportion of the ownership of private electric
vehicles in the t year to the total number of private vehicles in the t year, with a value range
of [0, 1]. F(t + 1) is the proportion of the number of new electric vehicles in t + 1 year to the
total potential vehicles sold in the market in t + 1 year. p(t) is the innovation coefficient. q(t)
is the imitation coefficient. x(t) is the price correction coefficient.
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The innovation coefficient p(t) is affected by policy intensity, media publicity effect
and technology maturity. This part of users are consumers who spontaneously adopt
electric vehicles, and are not affected by users who have already purchased electric vehicles.
They are called innovative adopters. Considering that there is a lag between the media
publicity and the crowd recognition of a new idea or product, the increase in the acceptance
of electric vehicles by the crowd is related to the policy media publicity and the technical
maturity of electric vehicles, and the innovation coefficient p(t) is expressed as follows:

p(t + 1) = p(t) + M× T(t) (11)

T(t + 1) = T(t)× (1 + α) (12)

where p(t) represents the innovation coefficient in the t year; M represents the propaganda
intensity of policies and media, and its value range is [0, 1]. T(t) is the technical maturity
of electric vehicles in the t year, such as the development of electric vehicle batteries
and related charging infrastructure. α is the technical update coefficient. The innovation
coefficient p(t) defined in the above equation is a time-varying parameter, which can reflect
the dynamic change of the number of consumers who spontaneously adopt new products.

Imitation coefficient q(t) is affected by electric vehicle visibility and user satisfaction.
This part of users are consumers who are influenced by the users who previously purchased
electric vehicles, called imitators. The imitation coefficient is related to the occurrence
frequency of electric vehicles in daily life and the evaluation of electric vehicles by electric
vehicle owners around potential consumers. The imitation coefficient q(t) is expressed
as follows:

q(t) = c(t)s(t)q0 (13)

where the q0 is the imitation coefficient under the condition of complete satisfaction of
the owners of private electric vehicles, which can be calculated by referring to the upper
limit of the imitation coefficient of other durable goods. c(t) is the relative visibility of
private electric vehicles in the city. Relative visibility can be expressed by the permeability
of private electric vehicles F(t), that is, c(t) = F(t). s(t) is the overall satisfaction of private
electric vehicle owners in this city, represented by the charging convenience index, that is,
the convenience of charging after the completion of the daily driving task, with a value
range of [0, 1].

s(t) = 1− d
L

e−εrt (14)

where d is the average daily mileage. L is the range of electric vehicles. rt is the pile-to-
vehicle ratio. ε is the regulator.

The price correction coefficient x(t) is affected by price cost and policy subsidies, and
there is a competitive relationship between electric vehicles and conventional fuel vehicles.
Considering the purchase and use costs of electric vehicles relative to conventional energy
vehicles, the price correction coefficient x(t) is expressed as follows:

x(t) = 1 + β
CEV(t)− CCV(t)

CCV(t)
(15)

Among them, the CEV(t) and CCV(t) is the total cost of electric vehicles and conven-
tional fuel vehicles respectively, and is the present value converted to in the first t year of
purchase. β is the cost impact coefficient, which is negative.

The total cost C(T) includes the acquisition cost Cbuy(t) and maintenance cost Copr(t).
The acquisition cost is the converted residual value of the vehicle plus the tax value, as
shown below:

Cbuy(t) = (1− (1− rdep)
τ)Cp(t) + Cs(t) (16)
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where Cp(t) is the selling price of the vehicle (tax included). Cs(t) is a tax on the purchase
of a vehicle (electric vehicles are exempt). rdep is the vehicle depreciation rate. τ is the
estimated service life of the vehicle.

Maintenance cost Copr(t) refers to the maintenance cost during the service period (three
years free warranty for conventional fuel vehicles, increasing maintenance cost after three
years, lifetime warranty for electric vehicles), which is expressed as follows:

Copr(t) = Copr(t− 1) + Cm (17)

where Cm represents the increasing part of vehicle annual maintenance cost.
The prediction process of private electric vehicle ownership based on the improved

Bass model is shown in Figure 8. Considering the external and internal influencing factors
of the electric vehicle as well as the price advantage of the electric vehicle, the ownership
of the electric vehicle in this region each year is obtained through simulation.
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3.3. Simulation Analysis of Electric Vehicle Ownership in Xinjiang

The method proposed in this paper is used to forecast the ownership of electric private
vehicles in Xinjiang Province. Figure 9 and Table 4 show the forecast results of electric
private vehicle ownership under different policy intensity and media publicity intensity.
In the short term, there is little difference in the ownership of electric private vehicles.
However, as time goes by, the promotion effect of policy support and media publicity on
electric private vehicles gradually appears, and the effect of compulsory measures is the
most obvious. Figure 10 and Table 5 show the forecast results of electric vehicle private
vehicle ownership under different electric vehicle technology upgrading degrees, with the
improvement of electric vehicle technology and infrastructure, electric vehicle customer
satisfaction increases, which can promote electric vehicle sales.
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Table 5. Electric vehicle ownership under different technology update degrees, α (M = 0.7).

Electric Vehicle Ownership
(Million) 2025 2030 2035 2040 2045 Time to Reach

6 Million

α = 0.03 0.52 1.05 2.22 3.49 5.62 Cannot reach
α = 0.05 0.07 0.42 1.42 3.47 6.68 In 2045
α = 0.07 0.59 1.25 2.35 4.67 8.00 In 2042

Assuming that the initial value of the coefficient q0 = 0.5, initial value of innovation
coefficient p0 = 0.001, technical maturity T0 = 0.01 of electric vehicles in 2019, technical
update degree α = 0.1.
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The basic scene is set as that the fire ban policy has not been implemented in Xinjiang.
The radical scene is that the Xinjiang Government will adopt the points reward policy in
2023, and the whole Xinjiang will begin to ban burning in 2028. At the same time, the key
technologies and infrastructure construction of new energy vehicles will be accelerated
from 2025. In addition, due to a large number of purchases of oil-powered vehicles around
2010, fuel-powered vehicles will begin to be scrapped in large quantities in 2030 based on
the average service life of oil-powered vehicles of 20 years, and the number of replaced
electric private vehicles will increase. Since 2015, the growth rate of fuel vehicles has
declined, so the number of replacements of electric vehicles has decreased.

Figure 11 shows the forecast chart of electric vehicle ownership in Xinjiang by 2038,
and Table 6 shows the electric vehicle ownership in Xinjiang by 2038. In the basic scene,
the total number of electric vehicles in Xinjiang will be 1,690,700 by 2038, accounting for
5.4% of the total number of private vehicles. Under the radical scene, the total number
of electric vehicles in Xinjiang will be 6,437,900 by 2038, accounting for 86.7% of the
total number of private vehicles. The model can accurately reflect the role of media
publicity, policy subsidies and electric vehicle-related infrastructure in popularizing private
electric vehicles.
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Table 6. Electric vehicle ownership in Xinjiang by 2038 (million).

Time 2020 2021 2022 2023 2024 2025 2026

Radical scenario 0.003 0.004 0.007 0.014 0.025 0.041 0.064
Basic scenario 0.003 0.004 0.007 0.014 0.023 0.037 0.059

Time 2027 2028 2029 2030 2031 2032 2033

Radical scenario 0.121 0.218 0.444 0.775 1.486 2.468 3.668
Basic scenario 0.087 0.124 0.173 0.235 0.314 0.413 0.536

Time 2034 2035 2036 2037 2038

Radical scenario 4.901 5.854 6.365 6.395 6.438
Basic scenario 0.686 0.869 1.094 1.365 1.691

In the early stage, the subsidy policy can play a significant role in increasing the market
share of electric vehicles, so that electric vehicles have a certain internal growth capacity in
the development process. Through policy support, electric vehicles development can be
maintained at a high speed, but this development is not sustainable. With the intensification
of market competition, the reduction of purchase costs brought by technological upgrading
will become normal, and the preferential price will no longer arouse attention on the
market. Therefore, the Government needs to seek new schemes to relay the subsidy policy.
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The Government can appropriately increase the incentive mechanism to promote the
vehicle enterprises to speed up technological upgrading and enhance the enthusiasm of
technological innovation; reasonably increasing the “privilege” of electric vehicles in traffic
and using public media to publicize the advantages of electric vehicles and the positive
reputation provided by existing buyers can greatly influence the purchase decisions of
imitators in the social system; enterprises and public institutions promote electric special
vehicles, improve the market penetration in the special field, improve the visibility and
user satisfaction of electric vehicles, implement a commercial application to drive the
development of social electric vehicles to have a demonstration effect.

In the future, consumers will pay more attention to the cost performance of products,
and new energy vehicles with high-cost performance will have an overwhelming advan-
tage in the market. Only through technical guidance can electric vehicles have market
competitiveness, can the sustained growth of electric vehicles be promoted. At present,
there is still a need to solve the battery technology problems, and gradually improve the
electric vehicle charging infrastructure construction.

The research and development in the field of the battery should be strengthened, and
the standardization among various manufacturers in the industry should be unified, so as to
improve the versatility of products, so as to realize scale economy and maximum resource
sharing and utilization. The scale economy effect can better promote the production
enterprises actively study and develop new technology, new equipment, and improve
the competitiveness of enterprises. The improvement of battery equipment technology
will increase the range of driving, shorten the charging time, extend the battery cycle
life, improve the safety performance, improve the vehicle environment, enhance user
satisfaction, greatly increase the public’s awareness of electric vehicles, and promote the
production and marketing of electric vehicles in society.

4. Conclusions

This paper collects travel data in the form of a traffic travel questionnaire for electric
vehicle users. Based on the queuing theory of vehicle parking demand model and Monte
Carlo simulation, the paper gives the number of stopping vehicles and time of vehicle
stopping in different places such as residential areas, workplaces, shopping malls and
roadside. The results show that the parking demand of the residential area and the
workplace is the largest, followed by the public parking, and the parking demand of the
roadside is the least. In addition, the reasons influencing the development of electric
vehicles are analyzed from the perspective of the electric vehicle industry itself and related
factors. Based on the Bass prediction model, the main parameters are modeled in the
model, and the price correction coefficient is introduced. The improved Bass model
is used to predict the growth trend of electric vehicles in different years and different
incentive scenarios in Xinjiang. By 2038, in the base scenario, the total number of electric
vehicles in Xinjiang will reach 16,900, accounting for 5.4 percent of the total number of
private cars. Under the radical scenario, the total number of electric vehicles in Xinjiang
would reach 64,400, accounting for 86.7 percent of the total private cars. Results show
that in the future in recent 10 years, the electric car ownership based and radical in two
different scenarios are slowing, public awareness for electric cars is not high, but as time
continue to radical scenario can make the electric car ownership increased dramatically,
help promote large-scale development of electric vehicle and realize transportation “carbon
peak and carbon neutral”. At the same time, we should also pay attention to whether
the implementation of radical scenes conforms to social reality. In general, travel rules
and forecast results of holding volume can provide certain guidance and suggestions
for planning and construction of charging facilities in the region, effectively reduce the
investment cost of charging facilities, and guide local governments to formulate reasonable
planning schemes.
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