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Abstract. With the Chinese government's strong support and promotion of the new
energy electric vehicle industry since 2011, this field has made remarkable progress and
become another national landmark industry after the ‘Chinese high-speed railway’. This
study utilizes the ARIMA time-series forecasting model for quantitative analysis in order
to accurately forecast the future development of new energy electric vehicles in China
and to evaluate the effect of foreign policies on the country's industry. By identifying the
key influencing factors on the sales of new energy electric vehicles, we focus on the core
indicators such as average battery energy density, market share and number of charging
piles, and normalise them. Based on these processed data, this study constructs a
prediction model and applies ARIMA with nonlinear fitting method [1] for effective
solution, with a view to providing decision support for policy makers and promoting the
sustainable and healthy development of the industry.
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1 Introduction

New energy electric vehicles cover a wide range of types, including hybrid vehicles, pure
electric vehicles and fuel cell vehicles. In recent years, new energy electric vehicles have
achieved remarkable leaping development by virtue of their low-pollution and low-energy
consumption characteristics as well as their excellent power peak regulation ability, winning
the favour of consumers and the government. An in-depth study of the development trend of
new energy electric vehicles is of great significance for promoting sustainable economic
development and building an ecological civilised society. In view of this, it has become an
indispensable research topic to accurately predict the development trend of China's new
energy electric vehicles with the help of advanced artificial intelligence calculation methods.

2 Research status:

Scholars have used different methods to forecast the development trend of new energy electric
vehicles in China: for example, Liao, F. (2017) [2] Offering advice for further exploration into
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the growth of the new energy vehicle sector, market surveys and investigations into consumer
behavior, policies and rules, and technological advancement are conducted; Zhou Jinlong and
his team members (2020)[3] use grey forecasting to forecast new energy vehicle The model
has high accuracy and provides reference value for the sustainable development of China's
new energy vehicle industry; Domarchi, (2023) predicts the future development trend by
analyzing the sales data[4], technological advancement, and market trends of new energy
electric vehicles over the past few years; Shiqi Ou and his team members (2020) combine the
charging infrastructure quantification with a vehicle market analysis tool - NEOCC model [5],
and concluded that more family parking spaces can stimulate more sales of personal plug-in
hybrid electric vehicles; Chunli He (2020) established a binomial logit model [6], empirically
demonstrated the demand for new energy vehicles based on consumption preferences,
proposed corresponding policy guidance for the demand of new energy vehicle market at
different levels, and provided an insight into the demand for new energy vehicle industry chain.
policy orientation and conducted research on the collaborative innovation of the new energy
vehicle industry chain. The literature used in the above literature shows great variability in
methodology, data and background, and cannot provide accurate forecasts. Therefore, this
paper mainly adopts the ARIMA time series forecasting method to obtain a data selection
model with greater relevance regarding the development of new energy electric vehicles in
China.

3 Data pre-processing
We conducted an examination of pertinent literature [7] and data to ascertain the state of new
energy electric vehicles in China in recent times, thus examining their development trend in

Table 1:

Table 1. Status of New Energy Electric Vehicles in China

China's new . China's new
. Total automobile . .
Year energ_y'vehlcle sales in China Retentlor_1 energy vehicle
efflClency (10,000 units) (10,000 units) market share
(10,000 units) ' (%)
2011 0.8 1852 1.2 0.04
2012 1.2 1931.6 2.7 0.06
2013 1.7 2198.3 59 0.08
2014 7.5 2340.6 14.8 0.32
2015 331 24715 331 1.34
2016 50.7 2811.9 65.1 1.8
2017 7.7 2890.5 150.6 2.69
2018 125.6 2808.1 2534 4.47
2019 120.6 2571.6 3775 4.69
2020 136 2514.6 484.6 5.41
2021 351 2530 784.1 13.87
2022 688.7 2686.4 1310 25.6

We selected seven data indicators based on the open-source dataset for five factors: sample
policy, economy, technology, society and infrastructure. In this paper we perform data
integration, data cleaning, principal component analysis data dimensionality reduction and



data standardization on the raw data. The results after pre-processing the raw data are shown
in Table 2:

Table 2. Tables for data standardization

. The
Productio Number average Sales of
n of new Industry Subsidy Motor 9
of - . energy new
year energy synergy . estimates  efficienc  market share .

. charging density of  energy
vehicles rate : y h hicl
in China stations the venicles

battery
2016 0.0198969 0'083333 0'02)826 015625  0.114441 0'018225928 0.055026 0'026023
2017 0.0305573 0'098523 0'027241 021875  0.11921 0'0273?8892 0.069699 0'02101
2018 0.0492226 0'12714 0'013870 0.1875  0.122616 0'045564820 0.077036 O'Oi%l
2019 0.048068 0'1?04 0'03072 0125 0126703 0'0473‘,"7413 0.102715 0'0?13
2020 0.0561499 0'12095 008374 0109375 0.127384 0'05457 1784 4112052 0'059623
2021 0.1415486 0'1‘;285 0'1‘2’;036 009375 0128747 0'23858506 0.15774 0'1‘("5085
2022 0.2697044 0'152476 025954 00625  0.130109 0'2593?8756 0.205429 0'22536
2023 0.3848522 0'1‘;666 0'321623 0.046875  0.13079 0'3085’7898 0.220103 0'3?54

4 ARIMA time series modelling [8]

The Autoregressive Differential Moving Average Model (ARIMA), composed of
Autoregressive Model (AR), Differential Process (I) and Moving Average Model (MA), is a
widely recognized model. This model between time points is expressed in this way: the
labelled value of a given point in time can be represented by a linear combination of all the
labelled values of a certain time period in its past. This linear combination can be understood
as a weighted summation of past information, with each past time point being represented by a
corresponding weight, as reflected in the formula below:

ARY, =C+@Y  + oY ,+..+ oY, +& 1)

ft is the error term at time point t, also known as the white noise term, expressed in terms of

the lag operator as:
- :(l_gplL_(/)sz_-"_CDpr)Yt @)

The MA model describes the relationship between the data at the current point in time and the
past noise, where the data at each point in time are independent and follow the same

distribution with constant mean and variance. Given a white noise sequence 5t , the MA
model is defined as:



MA:Y, = p+¢6 +66,,+6,6 , +"'+9qgt—q (3)

Since ¢, are white noise sequences, they are unpredictable. However, once we have the data

Yt , we can solve for ¢, using the following equation:
G =Y, —C-05, (4)
We can then use this newly solved ¢, to compute Y,,; at the next moment:

Yt+l =C+ GHI + egt (5)

This is a recursive process and we can make predictions by continually solving for the above
values.

Assuming that the difference term is 0, the ARIMA model can be viewed as a direct
combination of the AR model and the MA model, which is given by:

Yt)=c+qY ,+oY, ,+..+ ¢)th_p +6 ,+0,6 ,+..+ Hqgt_w +& (6)

The above model is therefore called model ARIMA(P,d, Q). The model's lagged values,

denoted by 'P', are the 'autoregressive part', and the order of 'p' in the equation dictates the
number of observations the model refers to. The ‘moving average part', denoted by 'q', is the
lagged values of the errors used in the model. The equation's order q, denoting the ‘moving
average part' of the model's error terms' lagged values, determines the amount of white noise
referred to; d, the difference order, converts a non-stationary series into a stationary one.
Figure 1 below shows the ARIMA flowchart:
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Fig. 1 ARIMA flow chart
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Autocorrelation and partial autocorrelation coefficients were calculated to test whether the
preprocessed data met the requirements of ARIMA modelling.

The ACF for any lag (lag)k, autocorrelation function p(K) can be expressed as:

Cov(Y.Y, )
ACR=A = Varz\(t)k
t

The ACF's range is from -1 to 1; when it is close to 1, the two observations have a strong
positive correlation; when it is near -1, the two observations are strongly negative; and when it
is near 0, the correlation between the two observations is feeble.

(7

The PACF, a measure of the direct correlation between observations at the present moment
and those that have been lagged after other, prior lagged observations have been taken into
account, is utilized.

The PACF autocorrelation function ¢(K) for any lag (lag )kt can be expressed as:

COV(Yt — E[Yt | Xt—l""!Yt—k+1]’Yt—k B E[Yt |Yt—k""'Yt—1])

oK) = V) ®

The value of PACF also ranges from -1 to 1. When PACEF is near 1, it implies a strong positive
correlation between the two observations; when it is near -1, it implies a strong negative
correlation; and when it is close to 0, it suggests a feeble direct correlation between the
observations at the two time points.

The visualization of the plotted autocorrelation and partial autocorrelation is shown in Figure
2 as follows [9].

China's new energy vehicle sales_ACF

Autocorrelation

Fig. 2 Autocorrelation and partial autocorrelation

Based on the truncation of the partial correlation function we initially choose AMIMA (4, 0, 1),
and combined with the AIC criterion to order the model, we choose p=1, q=2, and select the
AMIMA (1, 1, 2) model for prediction.



We then perform a white noise test by finding out whether the autocorrelation coefficient tends
to zero. If the autocorrelation coefficient tends to 0, then it can be considered as a white noise
series and the ARIMA model applies. We end up with p=-0.142, which tends to 0. The
ARIMA model applies.

We diagnose the estimated ARIMA model predictions using both absolute and relative error
methods. Then we plot the data model approximation curve as shown in Figure 3:
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Fig. 3 Data model approximation curve

From the above figure we can intuitively see that the test set predicted values fit well with the
true values and preset values. We consult the relevant literature and conclude that the error of
single-step prediction is lower and the accuracy is higher. So we choose single-step prediction
[10] to predict the development of new energy electric vehicles in China. The prediction
results are shown in Figure 4 below [11]:
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Fig. 4 Forecast Results



The above graph shows that the predicted values are within the confidence interval and the
predicted values are true and valid.

China's new energy vehicle ownership and sales in the next ten years are shown in the table 3
below:

Table 3. Development forecast values
Year 2023 2024 2025 2026 2027
Sales volume 950.2 11139 12278 1308.6 1367.4

Year 2028 2029 2030 2031 2032

Sales volume 14115 14458 14737 14973 1518

As can be seen from the figure, the real value fits well with the predicted value. In the next ten
years, with the support of China's policies, the improvement of people's environmental
awareness, and the gradual improvement of new energy electric vehicle infrastructure, the
development trend of new energy electric vehicles in China is gradually rising [12].

5 Conclusion

This paper constructs a forecasting framework based on the ARIMA time series model, aiming
to accurately predict the development trend of China's new energy electric vehicles in the next
ten years. The results of the model analysis show that China's new energy electric vehicles will
show a solid upward trend in the next decade. This positive development trend is attributed to
the support of industrial policies, enhanced capital injection, promotion of technological
innovation, expansion of market demand, and optimisation of the supply chain. However, in
the face of increasingly fierce market competition, China's new energy vehicle companies
must continue to maintain their core competitiveness in order to ensure that they remain
invincible in the long run.
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