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Forecasting energy demand in emerging nations is a critical policy tool utilized by decision
makers worldwide. However, as estimated economic and demographic characteristics
frequently diverge from realizations, precise forecast results are difficult to get due to the
economic system’s intrinsic complexity. This work proposed a machine learning model for
estimating energy consumption in China using the support vector regression model (SVR).
Additionally, Markov Chain (MC) is employed to forecast and analyze the evolving energy
consumption structure. The results demonstrate that SVRmodel is more accurate (98.4%)
than the linear model (Moving Average model), the nonlinear model (Grey model), and past
research in predicting energy usage. Under the current rate of energy consumption,
China’s total energy consumption will break through six billion in the next 4 years.
Furthermore, it is expected that China’s energy consumption structure will be more
rational in 2025, with increased non-fossil energy consumption and decreased coal
consumption, while natural gas consumption continues to grow at a low rate. It
provides scientific basis for the implementation of carbon emission peak action, energy
security and energy development plan during the 14th Five-Year Plan period.
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1 INTRODUCTION

One of themost essential policy instruments utilized by decisionmakers worldwide is energy consumption
predictions. This is especially true in rising energymarkets like China. According to theNational Bureau of
Statistics, in 2021, China’s gross domestic product (GDP) was RMB 114.4 trillion ($17.7 trillion), up
aroundRMB13 trillion (United States $3 trillion) from20201.With an economy anticipated to develop at a
rate of 6–8% for decades, China’s influence in the global energy market is growing.

Between 1990 and 2020, China’s overall energy output and consumption increased steadily
(Figure 1). Energy production has gradually increased from about 1.26 billion tons of ordinary coal
to 4.08 billion tons, but it is still unable to satisfy energy demand, and the gap between the two is
widening. China’s total energy imports in 2020 is 1.20 billion tons, and this figure will rise further.1

As the biggest energy consumer of the world, China’s underlying demand and supply imbalances
will have a significant impact on global energy markets. Long-term estimates are also required to
determine the extent to which future trade and investment plans are required to secure China’s
energy security. Furthermore, in the General Debate of the 75th Session of the United Nations
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General Assembly in 2020, China has pledged to peaking carbon
emissions by 2030 and reaching carbon neutrality by 2060, while
also aiming to double the size of the Chinese economy by 2035. As
a result, forecasting energy use in China is crucial.

China’s energy use is imbalanced (Figure 2). This is shown
by coal’s considerable domestic market share in China, despite
its waning dominance in recent years (dropped to 56.8% in
2020)1. Natural gas is also insignificant. As a result of this
predicament, the economic cost of environmental damage
associated with excessive coal consumption has been
substantial. As a result, the energy industry and policymakers
are under intense pressure to modify the structure of energy use
and shift away from coal and toward cleaner options such as
natural gas and hydropower.

As illustrated in Figure 3, in 2019, the total urban
consumption was 26,665 ten thousand tons of standard coal,
3.89 times that of 1997 (6,845.89 ten thousand tons of standard
coal)2. The total energy consumption of rural residents is also
growing rapidly, but not as fast as it is in the urban area. Since
2000, the gap between urban and rural enlarged. Therefore,
with rapid urbanization, the energy consumption in China
shows new characteristics. Demand for coal, oil, natural gas,
and other fossil fuels is expanding at a rapid pace, while
consumption of coal is declining. However, the energy gap
continues to widen.

FIGURE 1 | Total energy consumption and production in China from 1999 to 2020. Data source: China Statistical Yearbook 2021.

FIGURE 2 | Proportion of energy consumption in China from 2009 to 2020. Data source: China Statistical Yearbook 2021.

2China Statistical Yearbook 2021, http://www.stats.gov.cn/tjsj/ndsj/
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While China’s energy conservation and emission reduction
policies have had some initial success, the future situation
remains unpredictable. Conducting a thorough examination of
future energy forecasts will not only aid in comprehending the
future energy situation, but also in providing scientific support for
overall energy planning and policy creation. To meet rising
consumer demand and achieve green and sustainable growth,
energy consumption structure should be optimized, with less coal
consumption, and more clean energy. And better data
interpretation and forecasting techniques are required.

Due to their applicability, machine learning models are being
utilized in a wide number of sectors, and their operation is similar
to that of a function that best maps input data to output. Using
machine learning methods, energy consumption forecasts can be
created with high accuracy. As a result, governments can use
them to undertake energy-saving efforts. They can be used to
forecast future energy usage, such as electricity or natural gas.

The goal of this research is to develop a unique forecasting
system that utilizes nonlinear machine learning models to
optimize linear time series in order to discover energy
consumption patterns. Then, we assess the model prediction
findings in conjunction with the actual scenario and offer
countermeasures and suggestions in order to fulfill the goal of
providing a foundation for policymakers to create policies more
effectively. Numerous optimization techniques, including the
SVR model, the linear model MA (3), and the nonlinear
model GM (1, 1) are examined and compared for usage in the
proposed forecasting system. By anticipating primary energy
consumption and its structure, it will assist in the process of
energy decarbonization, minimize the effects of climate change,
and rein in China’s future climate initiative. It is beneficial for
policymakers to increase energy efficiency through energy
policies and other measures, while reducing greenhouse gas

emissions enables the energy structure to be adjusted to
achieve co-benefits such as the efficient development of a
green and low-carbon economy and climate change adaptation.

The remainder of this study is structured in the following
manner. The second section covers the preceding research
literature in two areas: variables influencing energy use and
energy prediction models. The third section describes the
influencing factors on energy consumption that were chosen
for this study, as well as the methods, models, variables, and
data sources employed in this study. The fourth section assesses
SVR model’s validity and prediction accuracy before estimating
China’s energy consumption for the time covered by the 14th
Five-Year Plan. Then, we use Markov Chain to predict the change
of energy structure during the 14th Five-Year Plan period. The
fifth section discusses the findings of the investigation, as well as
the accompanying countermeasures and recommendations.

2 LITERATURE REVIEW

Studying the relationship between numerous drivers and energy
consumption is not only required for model predictions, but it
also helps readers understand the mechanisms by which these
factors affect energy consumption. Some scholars believe that
economic development has a substantial impact on energy
consumption intensity (Asafu-Adjaye, 2000; Stern, 2000;
Soytas and Sari, 2003; Ang, 2004; Aboagye, 2017; Marques
et al., 2019). According to Birol and Keppler (2000),
technological advancements will not only reduce energy
consumption intensity, but will also boost energy consumption
per unit of GDP. Other researchers believe that improved
technology can promote a decline in energy intensity (Li and
Lin, 2014; Huang et al., 2017). Hunt and Ninomiya (2005)

FIGURE 3 | Changes in household energy consumption from 1997 to 2019. Data source: China Energy Statistical Yearbook.
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discovered a negative relationship between energy prices and
demand. According to Inglesi (2010), there is a long-term link
between energy usage, prices, and economic growth. He et al.
(2011) believed that the secondary industry was not conducive to
improving energy efficiency, while the development of the tertiary
industry could effectively encourage the decline of energy
consumption intensity. Achour and Belloumi (2016) believe
that in addition to economic growth and energy prices,
population size also has a positive impact on energy
consumption. Some scholars studied from the perspective of
industrial structure. Lin and Zhu (2017) conducted additional
research and found that industrial structure upgrading is
adversely connected with energy consumption intensity. Later,
from a micro perspective, some scholars believe that household
variables such as family size and education level of family
members have a significant impact on energy use (Zou and
Luo, 2019).

Machine Learning (ML) is the basic approach to achieve
artificial intelligence. In recent years, more scholars have paid
attention to ML with its advantages of recognizing trends and
patterns from data, not requiring human intervention, constantly
optimizing cognition according to data changes, and processing
various high-dimensional data. Hao et al. (2021) developed an
economic loss analysis system to quantitatively evaluate the losses
caused by haze pollution on tourism. Yang et al. (2022) developed
an improved electricity price prediction model, which has the
advantages of adaptive data preprocessing, etc.

Machine Learning has experienced a transition from
shallow learning to deep learning. Rumelhart et al. (1986)
proposed the idea of learning representation based on error
back propagation, which enabled artificial neural network
(ANN) to be trained. Subsequently, Support Vector
Machine (SVM), Decision tree (DT) and other models that
are easier to obtain global optimal solutions have been widely
concerned and applied. With the progress of the data
accumulation, the computing power and the improvement
to the algorithm, deep and complex training to become
possible. At present, both shallow learning model and deep
learning model are widely used in various fields. To predict
specific problems, it is necessary to select appropriate machine
learning algorithms from the perspectives of data category,
sample size and model characteristics.

Numerous methods for forecasting energy consumption have
been proposed in the literature, such as the energy demand model
(EDM), the Autoregressive Integrated Moving Average Model
(ARIMA), the particle swarm optimization technique (PSO), the
artificial neural networkmodel (ANN), and the greymodel (GM).
Gori and Takanen (2004) used the modified EDM model to
predict the energy consumption of Italian industry, household
and service. Ediger and Akar (2007) used the ARIMA and
seasonal ARIMA methods to anticipate Turkey’s energy
demand from 2005 through 2020. Some scholars forecasted
Turkey’s energy consumption using PSO methodologies
(Uenler, 2008; Kran et al., 2012; Yakut and Özkan, 2020).
Zong and Roper (2009) suggested an ANN model for
estimating Korea’s energy demand. Meng et al. (2020) estimate
China’s energy intensity using an upgraded DVCGM (1, N)

model, and found that the improved DVCGM (1, N) model
could reflect the lag effect of government policies. Zhu et al.
(2020) developed an adaptive gray-scale weighted model to
forecast Jiangsu’s electricity usage. Chen et al. (2021) predicted
energy consumption in the Beijing-Tianjin-Hebei region using
the FGM (1, 1) model. At the same time, some scholars predict
the structure of energy consumption. Xie et al. (2015) forecasted
total energy production and consumption using an improved
univariate discrete grey forecasting model and suggested a new
Markov technique based on a quadratic programming model to
predict the structure of energy production and consumption. Ren
et al. (2017) used Markov model to predict the energy
consumption structure of Beijing.

The benefits and drawbacks of the most commonly used
energy forecast methods of the literature is outlined in
Table 1. The energy consumption system is a nonlinear
system with many influencing factors. Because most
traditional prediction approaches lack a learning mechanism,
it is difficult to describe the nonlinear relationship in the energy
system, resulting in low forecast accuracy. Some new computer
forecasting approaches are exceedingly complicated and
subjective, jeopardizing the accuracy of energy consumption
forecasting. Time series models are problematic due to a
paucity of data on China’s energy consumption. PSO model is
easy to fall into local optimal solution, so it is difficult to obtain
global optimal solution. If an ANN model is used to forecast, the
performance of the prediction will be inconsistent due to
insufficient sample training and over-learning. The GM
model’s prediction is based on exponential prediction. This
approach works best with data that grows exponentially,
which makes it unsuitable for calculating China’s energy
consumption. Therefore, we propose a Support Vector
Regression (SVR) model to anticipate China’s energy
consumption during the 14th Five-Year Plan period, while the
widely used Markov Chain (MC) is used to predict the energy
structure.

3 METHODOLOGY

3.1 Model
3.1.1 Support Vector Regression
SVMs are supervised machine learning models used to tackle
classification and regression problems. SVMs are composed of
two components: a kernel and an optimizer method. The kernel
converts non-linear data to a high-dimensional space and then
linearly separates the data. Optimizer algorithm tackles the
optimization problem, which is computationally costly. SVM
usually outperforms other machine learning approaches in
terms of generalization.

This section describes the data collection and the process of
developing a predictionmodel usingmany variables. To begin, we
identify the elements that influence energy use and preprocess the
data. The SVR model is then used to create training and test sets
randomly, and the accuracy is compared to that of the GM and
MA models. Then, we make predictions using the SVR model.
The framework for projecting energy use is displayed in Figure 4.
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Based on the basic idea of support vector machine (SVM)
model prediction (Cortes and Vapnik, 1995), input various
energy demand influencing factors x1, x2..., xd maps to a
higher dimensional eigenspace [φ(x1), φ(x2) ..., φ(xn)].
According to statistical learning theory, the original nonlinear
model can be transformed into a linear regression model of
feature space, as shown in Eqn 1

f(xj) � ωTφ(xj) + b (1)
Wherein, φ(xj) is a kernel function, ω and b are the parameters to
be identified in the model. The parameters to be identified in Eqn
1 are processed using the idea of reducing structural risk, as
shown in Eqn 2.

Remp(f) � ∑s
i�1
C(ei) + λ ‖ ω‖2 (2)

Where, Remp(f) is empirical risk, ‖ ω‖2 is the confidence risk, C(ei)
is the loss function. Further, according to the principle of SVM,
solving Eqn 2 is equivalent to solving the optimization problem in
Eqn 3

minL � 1
2
ωTω + C∑s

i�1
ε*i + εi

s.t.
⎧⎪⎨⎪⎩

y − (ω,φ(Xt)) − b≤ ε + ε*i(ω,φ(Xt)) + b − y≤ ε + εi
ε*i , εi ≥ 0

(3)

In order to facilitate the solution, Eqn 3 is often transformed
into a duality problem, then the nonlinear function f(x) can be
obtained.

f(x) � ∑l
i�1
(ai − a*i )K(Xt,X) + b (4)

TABLE 1 | Comparison of prediction methods.

Model Pros Cons

ARIMA · Good in short-term forecasting ·Not suitable for long-term forecasting
· It can show how data develops and changes

PSO · The calculation process is simple ·Easy to fall into local optimal solution, difficult to obtain global optimal
solution· Obtain the best prediction result through continuous iteration

ANN · Can process complex data ·Easy to fall into local convergence
· Simple modeling ·Learning mechanism is difficult to acquire
· Any nonlinear sequence can be approximated with any accuracy ·Parameters need to be adjusted continuously during the modeling

process
·Time consuming

GM · Suitable for dynamic process analysis ·Modeling bias exists in the model itself
· Dot demanding for sample data ·The prediction accuracy will decrease with the increase of time span

SVR · Applicable to small sample, nonlinear, high-dimensional, local minimum and other
problems

·Outliers are difficult to excavate

· Good prediction on limited data samples
· Easy to use and doesn’t have any “over-learning” faults
· Avoids the influence of subjective factors, but also integrates more relevant factors

FIGURE 4 | Framework of energy consumption forecasting.
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Where, ai and ai* are support vector parameters, K (Xt, X) is the
inner product. According to Mercer conditions, define kernel
function and select radial basis kernel function (RBF)

K(Xt,X) � exp{ − ‖ xj − xv‖2
σ2

} (5)

Substituting Eqn 5 into Eqs 4, 6 can be obtained through
equivalent transformation.

f(x) � ∑l
i�1
ajexp{ − ‖ xj − xv‖2

σ2
} + b (6)

Where, aj is the parameter value corresponding to the support
vector, xj is the input data vector of training year. xv is the input
data vector for predicting years, f(x) is the set of output vectors.
According to Eqn. 6, energy demand prediction parameters aj
and b are obtained, and the energy demand prediction model is
estimated.

3.1.2 Markov Chain
Because the direction in the energy consumption structure is
policy-driven and the process is gradual, the Markov Chain
hypothesis is used (Niu et al., 2004). That is, in the process of
event change, the state atm is determined by the state atm-1, and
is not correlated with the state at m-i (i ≥ 2). Conversely, to
predict the state at m + i, it is necessary to calculate the state at
m+1 from the state at m, repeat the process and get the result.

We propose a time set Xt with n states, at timem, Xm is set as a,
Xm+1 is set as b. Then the conditional probability (pab) of the
transition from the state at m to m+1 is as follows:

pab � {Xm+1 � b|Xm � a} (7)
and the formula of the transition matrix p can be derived in
Eqn (8).

P � pab �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
p11 / p1b

..

.
1 ..

.

pa1 / pab

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (8)

After the transfer matrix p is obtained, the energy
consumption structure at m is known as Per (m), then the
energy consumption structure at m + i is calculated as follows:

Per(m) � {Perc(m), Pero(m), Perg(m), Pere(m)}
Per(m + i) � Per(m)*Pi (9)

in which, Perc(m), Pero(m), Perg(m), Pere(m) respectively
represent the proportions of coal, crude oil, natural gas and
clean energy (hydro power, wind power, etc.) in the total
primary energy consumption.

Energy consumers and producers may change their option on
energy consumption. For example, if some energy customers
select natural gas over coal this year, the proportion of coal
consumption will fall and the proportion of natural gas will rise.
The energy structure change is the calculated transfer probability
from coal to natural gas, and the probability of each energy
structures transferring to each other constitutes the transition

probability matrix. The retention probability pc→c(m) is
calculated. The energy structure changes from m to m + 1,
and the retention probability is the share at m + 1 divided by
the share at m. The detailed calculation formula is shown in
10–12.

Probability of coal switching to oil (Eqn 10):

pc→o(m) � [1 − pc→c(m)]p[Pero(m + 1) − Pero(m)]
[Pero(m + 1) − Pero(m)] + [Perg(m + 1) − Perg(m)] + [Pere(m + 1) − Pere(m)]

(10)

Probability of coal switching to natural gas (Eqn 11):

pc→g(m) � [1 − pc→c(m)]p[Perg(m + 1) − Perg(m)]
[Pero(m + 1) − Pero(m)] + [Perg(m + 1) − Perg(m)] + [Pere(m + 1) − Pere(m)]

(11)

Probability of coal turning to water and wind power (Eqn 12):

pc→e(m) � [1 − pc→c(m)]p[Pere(m + 1) − Pere(m)]
[Pero(m + 1) − Pero(m)] + [Perg(m + 1) − Perg(m)] + [Pere(m + 1) − Pere(m)]

(12)

Where, Peri(m) is the proportion of i energy in the total amount at
moment m.

Suppose that the one-step transition probability matrix of
China’s primary energy consumption structure from moment m
to moment m + 1 is:

P(m) �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
pc→c(m) pc→o(m) pc→g(m) pc→e(m)
po→c(m) po→o(m) po→g(m) po→e(m)
pg→c(m) pg→o(m) pg→g(m) pg→e(m)
pe→c(m) pe→o(m) pe→g(m) pe→e(m)

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦ (13)

3.2 Influencing Factors Preparation
A country’s energy consumption (EC) is a nonlinear complicated
system that is influenced by a large number of variables. GDP,
energy price, secondary industry’s fraction of added value, energy
consumption intensity, technical progress, resident consumption
level, and population size are used as dependent variables on
energy consumption (Chen and Zhu, 2013; Marques et al., 2019),
which can be expressed as:

EC � f(GDP,P, I,EI,RD,C, POP) (14)
Where: EC denotes total energy consumption,GDP denotes gross
domestic product, p is for energy price, I denotes the proportion
of secondary industry, EI represents energy consumption
intensity, RD is for technological progress, C represents
household consumption level, and POP denotes total
population size.

To avoid the impact of price considerations, we recalculate
GDP at 1990 prices and determine energy consumption intensity
per unit GDP. China’s GDP increased by 9% yearly from 1990 to
2020, rising from 1,887.3 billion yuan to 10,1598.6 billion yuan3.
Economic growth results in increased energy consumption,
which continues to rise year after year. As a result, economic

3China Statistical Yearbook 2021, http://www.stats.gov.cn/tjsj/ndsj/
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development is the most important determinant of energy use
consumption.

Population has a direct impact on energy consumption. By the
end of 2019, China’s overall population exceeded 1.4 billion.3

Despite the fact that China’s annual net increase has decreased
below 10 million, showing that the country’s population is
stabilizing, China’s energy consumption is enormous. The
natural population growth rate will remain at about 4‰,
which will continue to drive high demand for energy.4

Additionally, there is a major discrepancy in the levels and
ways of energy consumption between urban and rural
inhabitants. With China’s urbanization process accelerating,
the growth in urban population necessarily results in an
increase in overall energy demand.

The secondary industry has always been the largest energy
consumption industry in China. The primary industry consumes
less energy and the tertiary industry has relatively high energy
utilization efficiency. The increment of energy consumption
brought by the vigorous development of the tertiary industry is
not obvious. As the energy consumption of the secondary industry
is much higher than that of the primary and tertiary industries,
with the gradual adjustment of China’s industrial structure in the
future, especially the adjustment of the proportion of the secondary
industry, energy consumption will be affected.

It is shown that the output value of secondary industries has
remained dominant during the last few decades (Figure 5). China is
aggressively establishing a new green and low-carbon economy,
promoting reduced energy consumption in industrial industries,
owing to industrial restructuring and upgrading and the strict
limits of the “carbon peak and carbon neutrality” targets. China’s
economy will enter a new era during the 14th Five-Year Plan period.
Under the “Belt and Road Initiative”, industrial transformation and
upgrading, the proportion of primary industry will continue to shrink,

as will the proportion of secondary industry, while the proportion of
tertiary industry will continue to expand, and by 2050, will be the
supporting industry of China’s national economic growth.
Accordingly, the structure of energy consumption will change as well.

China’s total energy processing and conversion efficiency is
expected to reach 73.3% by 2019.5 We believe that the impact
of technical innovation on energy consumption is mostly
due to advancements in scientific and technological levels,
notably the advancement of energy-saving technology, which
increases the rate of energy conservation and decreases energy
consumption. Furthermore, technical advancement allows for
the new energy adaptation, resulting in a shift in energy
consumption structure and, as a result, a shift in China’s
energy consumption. Technological progress to promote
energy efficiency, energy saving, and emissions reduction
significantly promote the role, is the key to achieve energy
conservation and emissions reduction. As a result, we choose
independent research and development as a metric for China’s
technical advancement.

Household consumption has changed dramatically as people’s
living standards have improved. People seek enhanced consuming
enjoyment, thereby increasing the demand for direct energy
consumption, especially for high-quality energy such as
electricity, gas fuel and new energy. Urbanization has enhanced
people’s living standards. Compared with things in the 1990’s, in
2019, the rural consumption increased by 504%, while urban
consumption increased by 793%. The rise in living standards
has increased household energy consumption, from 139 kg
standard coal in 1990 to 442 kg standard coal in 2019.5 The
future will see increased per capita energy consumption due to
improved quality of life, increased family automobile ownership,
and increased usage of air conditioning and other household
equipment.

FIGURE 5 | China’s industrial structure, 1990–2020. Data source: China Statistical Yearbook 2021.

4China Statistical Yearbook 2021, http://www.stats.gov.cn/tjsj/ndsj/ 5China Statistical Yearbook 2021, http://www.stats.gov.cn/tjsj/ndsj/

Frontiers in Environmental Science | www.frontiersin.org April 2022 | Volume 10 | Article 8837117

Meng et al. Forecasting Energy Consumption in China

http://www.stats.gov.cn/tjsj/ndsj/
http://www.stats.gov.cn/tjsj/ndsj/
https://www.frontiersin.org/journals/environmental-science
www.frontiersin.org
https://www.frontiersin.org/journals/environmental-science#articles


Energy consumption intensity, or energy intensity for short is
first proposed by Patterson et al. (1996). This macro index
mainly measures the energy consumption per unit output value
and can better reflect the energy utilization efficiency level of a
country. Figure 6 illustrates China’s energy intensity from
1990–2000 at 1990 prices. Throughout the last 2 decades,
there is a rising energy consumption accompanied by a
remarkable drop in energy intensity of use. China’s energy
intensity reduced from 5.3 tons of standard coal per 10,000
yuan to 1.88 tons, indicating that China’s energy efficiency is
improving.5 By 2020, China’s energy intensity had decreased to
half of its levels in 1990. The main causes have been recognized
as technical and structural changes. The 14th Five-Year Plan
calls for promote high-quality development, improve the
implementation of the dual management of energy
consumption intensity and total amount and organize the
implementation of key energy saving and emission reduction
projects, and promote energy efficiency.

Price has a direct factor affecting consumption. We may
deduce from supply and demand theory that high prices lead
to lower demand and consumption, whereas low prices lead to
increased consumption. Similarly, energy costs have an impact on
energy use. Other variables, such as energy-saving and emission-
reduction programs, automobile purchase limitation rules, and so
on, will also affect energy consumption, but these aspects are
difficult to measure or lack relevant statistical data, therefore they
are not taken into account for the time being. After selecting the
influencing factors, we preprocess the data for the SVR model
prediction.

3.3 Data Preprocessing
All data in this paper are from China Statistical Yearbook, China
Energy Statistical Yearbook and China Science and Technology
Statistical Yearbook from 1990 to 2021. The influencing factors
introduced above are taken as independent variables of energy
consumption. Variable Settings and their meanings are shown in

Table 2 below. The indicators of GDP, household consumption
level and energy consumption intensity have been converted
according to the constant prices in 1990, and energy price p is
represented by fuel and power purchasing price index.

Furthermore, the dimensions of the seven input and one output
indices examined in this paper’s analysis of energy consumption
are inconsistent, and the data varies substantially in magnitude,
whichmight result in significant variations in prediction results. As
a result, every index data must be normalized in advance, that is, all
index data must be converted to between [0,1] using Eqn 15.

x � xi − xmin

xmax − xmin
(15)

Next, we introduce the data set and how the prediction model is
built with several variants and data exploratory analysis. We collect
energy consumption data from statistical yearbooks from 1990 to
2020, randomly select 22 years of sample data as a training set and
the remaining years data as a test set to evaluate the model’s
prediction accuracy, and then forecast China’s energy
consumption during the 14th Five-Year Plan period. This study
examined the trend in China’s energy use and makes
recommendations for China’s future energy development.

4 EMPIRICAL ANALYSIS

4.1 Data Training and Accuracy Analysis of
Prediction Model
The input to the SVMs model is set to China’s energy
consumption influencing factors, while the output is set to
energy consumption. Following normalization of the predicted
and actual values of the linear fitting, the SVR model chose
22 years of historical data at random as the training sample for
modeling and simulation, as shown in Figure 7 (a). This indicates
a high accuracy of the model (R2 = 0.999). The model’s validity
is validated using the same test set data; Figure 7 (b) shows a

FIGURE 6 | change of China’s energy consumption intensity from 1990 to 2020. Data source: China Statistical Yearbook 2021.
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nine-year test set showing the connection between raw data and
predicted data. As can be observed, the model projected values
and the real value are reasonably comparable (R2 = 0.997),
implying that it can be used to forecast China’s energy
consumption.

Then, we compare actual and predicted values from 2013
through 2020 (Table 3). The prediction results are pretty close to
the actual energy consumption figure. The model’s validity is
established, and it is demonstrated that the SVR model has an
excellent forecasting effect on China’s energy consumption and a
high degree of forecasting ability or generalization, making it
suitable for predicting China’s future energy consumption
changes.

Two competing models, namely GM (1, 1) and MA (3) are
employed to test the accuracy of the SVR model on energy
consumption forecasting. We chose these models for
comparison because they are the most commonly used in
energy prediction research, have a high level of
representativeness, and can be applied to a wide range of
situations. Consistent with the steps of the SVR model, the
energy consumption data from 1990 to 2012 were used. Then,
based on GM (1, 1) model and MA (3) model, the energy
consumption of China from 2013 to 2020 is predicted.

Taking into account the predictions from the SVR, GM (1, 1),
and MA (3) models, Table 4 and Figure 8 illustrate the accuracy
of the fitting value in contrast to the original value. The results
reveal that the GM (1, 1) model exhibits a substantial prediction
error, the majority of which exceeds 5%. Additionally, while the
MA (3) model outperforms the GM (1, 1) model in terms of
prediction performance, its prediction accuracy is not as steady as
the SVRmodel, and prediction results vary greatly. In general, the

TABLE 2 | Variables and their meanings.

Name Variable Meaning

The dependent variable Energy consumption (EC) The sum of all kinds of energy consumed in China for production and living
The independent variables Gross Domestic Product (GDP) GDP calculated at 1990 constant prices

Residents’ consumption level (C) The average consumption of all Chinese residents in material products and services
Energy price (p) Expressed by fuel power category purchase price index
Population size (POP) Resident population of China
Technical Progress (RD) Internal expenditure
Energy consumption intensity (EI) China’s energy consumption per unit of GDP.
The proportion of secondary industry (I) The proportion of added value of China’s secondary industry in GDP.

FIGURE 7 | Real and predicted values of China’s energy consumption in the training (a) and testing set (b).

TABLE 3 | Prediction results of China’s energy consumption based on
SVR model.

year Actual value (ten
thousand tons of
standard coal)

Predicted value (ten
thousand tons of
standard coal)

Prediction error (%)

2013 416,913 416,317.12 −0.14
2014 428,334 430,307.75 0.46
2015 434,113 433,765.65 −0.08
2016 441,492 443,472.43 0.45
2017 455,827 457,781.11 0.43
2018 471,925 471,483.83 −0.09
2019 487,488 485,610.61 −0.39
2020 498,000 500,432.54 0.49
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SVR model surpasses the other two commonly used forecasting
models when it comes to projecting China’s energy consumption.
As a result, the SVR model can be used to anticipate China’s
future energy consumption throughout the period covered by the
“14th Five-Year Plan”.

4.2 Predicted Value of Influencing Factors
According to the Chinese government network, the National Bureau
of Statistics, the energy bureau of the relevant data, 14th Five-Year
energy development planning and the relevant data such as the
government statistical bulletin, through the scenario analysis, this
article selects the China 2021–2025, the total energy consumption of
seven influencing factors of value analysis and estimate (Table 5). The
following values of the influencing factors setting aremainly based on
the “Outline of the 14th Five-Year Plan (2021–2025) for National
Economic and Social Development and Vision 2035”.6

(1) GDP: GDP increased by 6% year on year in 2019 in terms of
comparable prices. The GDP for 2019 is 25,783.73 trillion
yuan based on 1990 prices. According to the outline of the
14th Five-Year Plan, new economic development progress
has been made, growth potential has been fully realized, and
average annual GDP growth has been kept within a
reasonable range. China’s GDP is expected to grow at an
annual rate of around 7% during the 14th Five-Year Plan
period. The national economy is predicted to sustain a
modest growth range of 6–8% over the 14th Five-Year
Plan period, thanks to the expansion of the national
economy and the expansion of the macroeconomic base.
Then we set the annual GDP growth rate for the 14th Five-
Year Plan at 6, 6.5, 7, 7.5, and 8%, respectively.

(2) Proportion of added value of secondary industry (I): In 2019, the
tertiary industry contributed 59.4% of added value, and this
figure is expected to exceed 60% by 2025. However, as a result
of the epidemic’s impact, the service industry has been severely
restricted in recent years, with the secondary industry

TABLE 4 | Simulation of energy consumption in China by SVR, GM (1, 1) and MA (3) model (Unit: ten thousand tons of standard coal).

year Original
value

SVR Predicted
value

Prediction error (%) GM (1,1) Model
predicted

value

Prediction error (%) MA (3) Model predicted
value

Prediction error (%)

2013 416,913 416,317.12 −0.14 387,374.40 −7.09 417,965.05 0.252
2014 428,334 430,307.75 0.46 409,238.80 −4.46 432,031.39 0.863
2015 434,113 433,765.65 −0.08 432,337.28 −0.41 432,965.35 −0.264
2016 441,492 443,472.43 0.45 456,739.49 3.45 442,998.62 0.341
2017 455,827 457,781.11 0.43 482,519.03 5.86 451,203.35 −1.014
2018 471,925 471,483.83 −0.09 509,753.63 8.02 471,942.73 0.004
2019 487,488 485,610.61 −0.39 538,525.42 10.47 487,506.31 0.004
2020 498,000 500,432.54 0.49 568,921.17 14.24 498,018.71 0.004

FIGURE 8 | Estimated values of energy consumption.

6http://www.gov.cn/xinwen/2021-03/13/content_5592681.htm
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accounting for 36.8% of added value in 2019. The proportion
of secondary industry and tertiary industry are expected to
wane and wax during the 14th Five-Year Plan period, and the
tertiary industry will become the supporting industry of
China’s national economic growth by 2050, and the energy
consumption structure will also change accordingly. The
secondary industry’s added value is expected to fluctuate
between 35 and 38% during the “14th Five-Year Plan.” We
set the added value of secondary industry at 38, 37, 36, 36, and
36% in 2021–2025, respectively.

(3) Technological progress (RD): Technological progress plays a
critical role in promoting energy efficiency, energy conservation,
and emissions reduction. Independent research and development
(R&D) is frequently viewed as the primary means of a country’s
technological progress, research and development expense. The
moremoneywe invest in research and development, themore we
can foster independent innovation and technical progress,
thereby increasing energy efficiency, lowering energy intensity,
and lowering energy consumption. Therefore, we select
independent research and development to measure China’s
technological progress. The 14th Five-Year Plan outlines a
major increase in China’s capability for innovation, with
overall R&D investment increasing at an annual pace of more
than 7%on average. As a result, we project that between 2021 and
2025, China’s internal R&D investment would expand at an
average annual rate of 7%.

(4) Household consumption level (C): The standard of life has risen,
and people’s well-being has reached a new level. Per capita
disposable income has mostly maintained pace with GDP
growth, as has consumption. As a result, we anticipate
consumption to increase by 6, 6.5, 7, 7.5, and 8% throughout
the 14th Five-Year Plan period.

(5) Population size (POP): In 2019, China’s population
surpassed 1.4 billion and is projected to reach 1.412
billion by 2020. Given the low level of desire for children,
China proposed and pushed the “three-child” policy.
However, a number of studies have demonstrated that
implementing the “three-child” policy will have little effect
on China’s natural population growth rate. The natural
population growth rate is not expected to surge, but due
to the effect of inertia of the huge population base and
growth, the size of the population will expand further.
Therefore, if the average annual growth rate from 2010 to
2020 remains at 4% till 2025, China’s population will be 1.418

billion, 1.423 billion, 1.429 billion, 1.435 billion, and 1.441
billion in 2021 and 2025, respectively.

(6) Energy consumption intensity (EI): The 14th Five-Year Plan
prioritizes the development of a clean, low-carbon, safe, and
efficient energy system, as well as the enhancement of energy
security. Increasing the share of non-fossil energy in total
energy consumption to around 20% andmaintaining a healthy
balance of overall energy consumption and energy intensity.
The 14th Five-Year Plan also asks for sticking to a new vision
of development, ensuring sustainable and sound economic
growth while considerably enhancing development’s quality
and efficiency, and reducing energy consumption intensity by
13.5% over the last 5 years. Based on a total reduction of 13.5%
in energy consumption per unit GDP over the next 5 years, or
a 2.7% annual reduction rate, energy consumption per unit
GDP in 2021–2025 will be 1.84, 1.79, 1.74, 1.69, and 1.65 tons
of standard coal per 10,000 yuan.

(7) Energy prices (P): We anticipate reasonably constant energy
prices, with an average annual growth rate of 6% from 2010
to 2020. China’s 2021–2025 gasoline and electricity purchase
price index is fixed at 106 in comparison to the
corresponding price in 1990.

4.3 Energy Consumption and Energy
Structure Forecast
We forecast China’s energy usage between 2021 and 2025 using a
trained SVR model (Figure 9). The accuracy of the prediction is
greater than 98.4%. China’s energy consumption is projected to
continue growing at an average annual rate of 7%, surpassing 6
billion tons of standard coal by 2024. As China’s industrialization and
urbanization intensify, the country’s energy consumption will
continue to grow rapidly, putting policymakers under increased
pressure to strike a balance between energy use and economic
development.

In accordance with “Outline of the 14th Five-Year Plan
(2021–2025) for National Economic and Social Development
and Vision 2035” 7, China’s economic and social development
must adopt a green transition aimed at carbon reduction. The
expanding energy consumption will exacerbate the imbalance
and raise the need for energy imports. Energy technology is still in
its infancy at the early stages of new energy development and
change. All of these circumstances are likely to jeopardize China’s
energy security, which should be taken into account.

China’s energy consumption structure remains irrational at
the moment. The share of low-carbon energy sources such as oil,
natural gas, and non-fossil energy consumption is significantly
lower than the average for industrialized countries. As China’s
economic development enters a new normal, improving the
energy structure will enable the country to progressively wean
itself off coal, improve economic quality, and achieve sustainable
economic growth. As a result, we use Markov Chain (MC) to
predict the energy consumption structure.

TABLE 5 | Indicators for the 14th Five-Year Plan period.

Variables Estimated annual growth
rate from 2021

to 2025

GDP 6%, 6.5, 7%, 7.5, and 8%
I 38, 37, 36, 36, and 36%
RD An average annual rate of 7%
C 6, 6.5, 7, 7.5, and 8%
POP 1.418 billion, 1.423 billion, 1.429 billion, 1.435 billion, and 1.441 billion
EI 1.84, 1.79, 1.74, 1.69, and 1.65 tons of standard coal per 10,000 yuan
p Price index is fixed at 106

7http://www.gov.cn/xinwen/2021-03/13/content_5592681.htm
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Only the proportion of coal declined between 2012 and 2019, while
the proportions of crude oil, natural gas, and clean energy grew. It can
be seen that the maintenance rate for crude oil, natural gas, and clean
energy is 1, however the drop in coal’s share is decomposed into the
other three. In 2020, the proportion of coal and crude oil has reduced,
the retention rate of natural gas and clean energy has increased to 1,
and the decline in coal and crude oil proportion has been decomposed
into an increase in the other two items. The one-step transitionmatrix
for 2012–2020 computed using Eqs 9–11 can be found in Appendix
A1. The average transfer matrix for 2012–2020, according to the
transfer matrix every 2 years, is as follows:

�P �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9769 0.0039 0.0071 0.0121

0 0.9993 0.0002 0.0004
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
According to the average transfer matrix, the amount of natural

gas and clean energy in China’s primary energy structure has
continuously increased (the transfer proportion on the main
diagonal is 1), which is compatible with the country’s clean energy
policy. The coal-to-oil ratio has decreased. The proportion of coal
energy structure declined the most quickly, with the lowest retention
rate (97.69%). Petroleum energy is retained at a rate of 99.93%.

Based on the energy consumption structure in 2020, we set the
initial state, in which Per (0) = (0.568, 0.189, 0.084, 0.159). The
energy consumption proportion in 2021 is anticipated to be the
energy consumption proportion matrix in 2020 multiplied by the
average state transfer matrix using the average transfer matrix
formula. The energy consumption ratio in 2022 is calculated by
multiplying the energy consumption ratio in 2020 by the square
of the average state transition matrix, and so on. The prediction
results of 2021–2025 energy consumption structure are shown in
Table 6. The results show that coal consumption has been
declining, while natural gas is growing slowly (Wang and
Wang, 2019; Zhao and Liu, 2019).

Our estimation on the structure of energy consumption
suggests that coal consumption is decreasing steadily, and by
2025, coal is expected to account for around 50.5% of overall
energy consumption. According to the Guiding Opinions on the
High-Quality Development of the Coal Industry during the 14th
Five-Year Plan, national coal consumption will be managed at
around 4.2 billion tons by the end of the “14th Five-Year Plan,”
and this binding target will be met.8 Oil consumption is rising
year by year and is predicted to account for 19.9% of total energy
consumption by 2025, which is in line with the Development Plan
of China’s Petroleum and Petrochemical Equipment
Manufacturing Industry in the 14th Five-year Plan’s
requirements for total oil consumption in my country.9

However, it is worth noticing that, according to The 14th Five-
Year Comprehensive Work Plan for Energy Conservation and
Emission reduction, natural gas should account for around 15% of
China’s energy mix by 2025.10 Compared with our forecast figure
of 10.3% in 2025, there is still a gap between natural gas
consumption and the target. According to the Comprehensive
Work Plan10, non-fossil energy, such as electricity consumption,
must account for more than 20% of total energy consumption.

FIGURE 9 | Forecast value of China’s energy consumption during the 14th Five-Year Plan period.

TABLE 6 | Forecast of Energy consumption structure.

Year Coal (%) Oil (%) Gas (%) Electricity (%)

2021 55.5 19.1 8.8 16.6
2022 54.2 19.3 9.2 17.3
2023 53.0 19.5 9.6 17.9
2024 51.7 19.7 10.0 18.6
2025 50.5 19.9 10.3 19.2

8http://www.coalchina.org.cn/index.php?m=content&c=index&a=show&catid=
9&id=129818
9https://m.cpei.org.cn/index.html
10http://www.gov.cn/zhengce/content/2022-01/24/content_5670202.htm
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The forecast figure for 2025 is 19.2%, which has yet to be
achieved, and the target will be met in 2030.

5 CONCLUSIONS AND SUGGESTIONS

This study anticipates China’s overall energy consumption
throughout the 14th Five-Year Plan period by proposing a
machine learning model and predicts the evolving energy
consumption structure. In comparison to commonly used
forecasting models, i.e. the GM (1, 1) and MA (3), the SVR
model is more accurate in forecasting China’s energy
consumption. The overall energy consumption is projected
to continue growing at an average pace of 7%, surpassing 6
billion tons of standard coal by 2024. In terms of energy
structure, it is expected that China’s energy consumption
structure will be more rational in 2025, with increased non-
fossil energy consumption and decreased coal consumption,
while natural gas consumption continues to grow at a low
rate. The growing disparity between energy consumption and
production will undermine China’s energy security. We are
compelled to make proactive adjustments to our energy
strategy and structure. The following policy implications
are made based on the findings:

(1) When energy supply expansion is limited, ensuring national
security requires scientific regulation of the energy consumption
elasticity system. We need to reform our energy consumption
structure, speed up industrial restructuring, and recommence
our energy conservation efforts. It is very important to increase
investment in clean energy, improve the efficiency of
conventional energy sources (such as coal), and advocate for
energy conservation and emission reduction.

(2) There is more intense competition between provinces and cities,
urban and rural areas, and industry and civilians in terms of
energy consumption. To avert the deterioration, regional total
energy consumptionmanagement strategies should be attempted.
A relationship between energy consumption and economic
performance should be established so that when economic
performance exceeds the task, overall regional energy
consumption exceeds the regional energy development goal.

(3) In terms of energy consumption, some policies that have
worked well, such as lax coal management, clean oil
promotion, and electric energy replacement programs, must
be maintained. While retaining the proportion of oil, the

amount of coal should be gradually reduced and transferred
to natural gas and other clean energy sources.

(4) The long-term sustainable development of natural gas should
be prioritized. On the supply side, we should enhance the
efficiency of existing gas resources and vigorously boost
offshore gas and natural gas hydrate development. While
total output continues to increase, it is critical to monitor
market prices and analyze and establish an acceptable natural
gas pricing system to ensure steady growth in natural gas
consumption demand.

A few caveats are necessary. Investigating the disparities in energy
consumption between urban and rural locations would be an
intriguing side study. Additionally, policies aimed at energy
conservation and emission reduction have a close connection with
energy consumption. These will be studied in greater detail in our
subsequent investigation.
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APPENDIX

APPENDIX A1 THE ONE-STEP TRANSITION
MATRIX FOR 2012–2020.

P2012−2013 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9839 0.0015 0.0073 0.0073

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2013−2014 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9763 0.0030 0.0044 0.0163

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2014−2015 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9696 0.0167 0.0030 0.0106

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2015−2016 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9749 0.0047 0.0047 0.0157

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2016−2017 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9743 0.0032 0.0129 0.0096

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2017−2018 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9736 0 0.0116 0.0149

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2018−2019 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9780 0.0017 0.0068 0.0135

0 1 0 0
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

P2019−2020 �
⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣
0.9844 0 0.0057 0.0085

0 0.9947 0.0019 0.0029
0 0 1 0
0 0 0 1

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦
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