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Abstract: How to decouple economic growth from carbon dioxide emissions and achieve low-carbon
transformation of the Chinese economy has become an urgent problem that needs to be solved. Firstly,
the Tapio index is used to identify China’s carbon peak status, and then the Technology Choice Index
(TCI) and economic complexity are introduced into the comprehensive factor analysis framework
for carbon dioxide emissions. Key influencing factors are identified using random forest and ridge
regression. On this basis, a novel sparrow search algorithm–long short-term memory (SSA-LSTM)
model which has more prediction accuracy compared with past studies is constructed to predict the
dynamic evolution trend of carbon dioxide emissions, and in combination with scenario analysis, the
path towards the carbon peak is simulated. The following conclusions are obtained: The benchmark
scenario peaks in 2031, with a peak of 12.346 billion tons, and the low-carbon scenario peaks in 2030,
with a peak of 11.962 billion tons. The extensive scenario peaks in 2037, with a peak of 13.291 billion
tons. Under six scenarios, it can be concluded that energy intensity is the key factor in reducing the
peak. These research results provide theoretical support for decision-makers to formulate emission
reduction policies and adjust the carbon peak path.

Keywords: carbon dioxide emissions; random forest; SSA-LSTM model; scenario analysis; carbon
peak path

1. Introduction
1.1. Research Background

Global climate change has led to frequent extreme weather events that are seriously
affecting human sustainable development; carbon dioxide emissions have been identified
as the main cause underlying global climate change [1]. According to IEA [2], as shown in
Figure 1, China has surpassed the United States as the world’s largest carbon dioxide emitter
since 2005. In 2021, China’s carbon dioxide emissions accounted for approximately 32.95%
of the global total carbon dioxide emissions. Therefore, China is facing unprecedented
pressure from a global warming perspective.

To address climate change, China recently announced the new and long-term goals
for its carbon dioxide emissions, stipulating the endeavor to achieve carbon peak by 2030
and carbon neutrality by 2060 [3]. The proposal of this dual carbon target indicates that
China is increasingly attaching importance to environmental protection; China’s overall
protection of the ecological environment will focus on carbon reduction in the future.

Without a doubt, the key issue is how a low-carbon transformation of China’s economy
can be achieved. Because China’s industrial structure is currently still dominated by
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industry and its energy structure is dominated by coal [4], the steady growth of the Chinese
economy relies on a considerable amount of fossil energy [5], which will lead to high carbon
dioxide emissions. To achieve the dual carbon goal, China included a carbon dioxide
emission indicator into the goals of the 14th Five Year Plan [6]. This plan stipulated that
green and low-carbon development should be promoted, green transformation of industries
should be advanced, energy resource allocation should be made more reasonable, and
utilization efficiency should be significantly improved. In addition, according to the Action
Plan for Carbon Peak before 2030 [7], China promised that by 2030, the proportion of
non-fossil energy consumption will reach about 25%, and the carbon dioxide emissions per
unit of Gross Domestic Product (GDP) will decrease by more than 60–65% compared to the
2005 level. This showcases China’s determination and confidence to reduce carbon dioxide
emissions.
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Figure 1. Trends of carbon dioxide emissions in China, the USA, and other major economies.

According to the above policy constraints, China urgently needs to implement relevant
measures to control carbon dioxide emissions. Therefore, identifying the key influencing
factors of carbon dioxide emissions, simulating the path towards carbon peak, and pre-
dicting the dynamic evolution trend are of central importance. In this paper, factors such
as economy, population, urbanization rate, and energy consumption are constrained, and
three paths towards carbon emission peak are simulated. This paper can provide relevant
references for China’s carbon market quotas.

1.2. Literature Review

Research on carbon emission reduction is mainly divided according to the following
two aspects: factors affecting carbon dioxide emissions and the prediction of carbon
dioxide emissions. Clarifying the influencing factors and evolution trends of carbon
dioxide emissions is important to achieve carbon peak. In this context, scholars chiefly
discuss energy [8,9], industrial structure [10,11], economics [12,13], and technology [14],
such as energy structure, energy intensity, GDP, industrial structure of various industries,
urbanization rate, research and development funds, etc. The most common analysis models
for analyzing influencing factors include LEAP [15], Kaya identity [16,17], the logarithmic
mean Divisia index decomposition model [18], and the stochastic impacts by regression on
population, affluence, and technology (STIRPAT) model [19]. The logarithmic mean Divisia
index is decomposed based on Kaya’s identity and only considers a few factors, while the
STIRPAT model features flexibility and randomness, and can analyze many influencing
factors [20]. However, the above models have certain limitations, such as multicollinearity
and sequence autocorrelation [21].
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Therefore, machine learning models have recently been implemented in environmental
research. By employing machine learning methods, various factors can be filtered to identify
the key factors affecting carbon dioxide emissions. In accordance with the random forest
model, Liu et al. [22] selected 56 factors and analyzed the dynamic transition of these factors.
Qin et al. [23] applied the random forest model to select influencing factors, including
socio-economic and environmental factors, and analyzed the effects of these factors on
carbon dioxide emissions.

After identifying key factors, it makes logical sense to simulate the path towards carbon
peak and reasonably predict the dynamic evolution trend of carbon dioxide emissions.
Many models can be used for this, mainly including traditional econometric regression,
machine learning, and deep learning models. Traditional econometric regression models,
such as the common Kaya identity [24], IPAT model [25], and STIRPAT model [26–28],
can be used to effectively analyze the relationship between influencing factors and carbon
dioxide emissions. However, it is difficult to capture the nonlinear mapping dynamic
relationship between influencing factors, and the prediction accuracy of these traditional
models is not satisfactory [29]. Accordingly, machine learning and deep learning methods
based on big data analysis achieve higher stability [23]. Scholars have established prediction
models for carbon dioxide emissions based on machine learning, including support vector
regression (SVR) [30], random forest [31], GA-SVR [32], back propagation (BP) [33,34],
Lasso BP [35], Lasso-GRNN [36], and GA-LSTM [37]. The prediction of carbon peak is
mainly based on time series data, and recurrent neural networks are an effective method for
processing these data [38]. Long short-term memory (LSTM) networks, a special recurrent
neural network model, can effectively solve problems of gradient vanishing and gradient
explosion [38], thus they can obtain more accurate results. Therefore, based on the LSTM
model, this paper innovatively establishes the sparrow search algorithm–long short-term
memory (SSA-LSTM) model to predict the trend of China’s carbon dioxide emissions.
Table 1 shows the methods used in the literatures.

Table 1. Common analysis models and prediction models of CO2 emissions.

Analysis Models of CO2 Emissions
Influencing Factors CO2 Emissions Prediction Models

LEAP model [15] Kaya identity [24]
Kaya identity [16,17] IPAT model [25]
LMDI [18] STIRPAT model [26–28]
STIRPAT model [19] SVR [30]
Random forest [22,23] Random forest [31]

GA-SVR [32]
BP [33,34]
Lasso BP [35]
Lasso-GRNN [36]
GA-LSTM [37]

In summary, this paper provides a marginal contribution to the field of sustainable
development according to the following three aspects: Firstly, the TCI and economic com-
plexity are originally introduced from the field of development economics to the analysis
framework of the comprehensive factors affecting carbon dioxide emissions. Secondly,
random forest and ridge regression methods are selected to identify these influencing
factors for analysis accuracy. Compared with traditional regression models, machine learn-
ing methods can consider as many carbon emission influencing factors as possible, thus
avoiding the limitation of only selecting a few factors and ignoring other factors that may
be important. Thirdly, the SSA is innovatively introduced to optimize the LSTM model,
which is used to predict carbon dioxide emissions and simulate the path towards carbon
peak by six different scenarios. The research presented in this paper provides reference for
decision-makers to achieve China’s dual carbon goals and formulate reasonable policies.
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1.3. Paper Structure

The paper mainly consists of the following parts: Section 1: The research background
and current research status. Section 2: Introduction of the models used in this paper.
Section 3: Results and Discussion. This chapter mainly includes data sources, decoupling
analysis and simulation of the carbon peak path. This chapter first clarifies the current
peak state in China. Then, we identify the key influencing factors of carbon dioxide
emissions through random forest and ridge regression. Finally, we predict the carbon
dioxide emissions though SSA-LSTM. Section 4: Conclusions.

2. Materials and Methods
2.1. Random Forest

If a large number of influencing factors are included in a predictive model, the ac-
curacy of the prediction will be affected; therefore, a model needs to be selected to filter
the factors that affect carbon dioxide emissions. Compared with traditional regression
models, machine learning methods can consider many carbon emission influencing factors.
Moreover, they offer the advantage of good robustness in processing massive data [22].
Therefore, this paper selects the random forest model to filter factors, and the importance of
influencing factors is determined based on the Gini coefficient of random forest. Random
forest based on decision tree is an algorithm that integrates multiple trees through ensemble
learning [31]. If it is a classification problem, the voting result is obtained and the regression
problem is solved using the average value. The random forest algorithm is shown as
follows.

Assuming that there are C variables, namely, X1, X2, X3,. . ., XC, its Gini coefficient is
as follows [39]:

GIm = ∑K
k=1 Pk(1 − Pk) = 1 − ∑K

k=1 Pk
2. (1)

GIm is the Gini coefficient of node m, where K represents the K categories in node
m, and Pk is the sample weight of category k in node m. Feature importance refers to the
importance of feature Xj at a node, which represents the change in the Gini coefficient
before and after the node data are distributed to two sub nodes, which is represented as
follows:

VIMGini
ij = GIm − GIr − GIl . (2)

GIr and GIl represent the Gini exponents of two new nodes r and l, respectively,
formed after node m is split. If the node of the variable in decision tree i is in the set M, the
importance of the variable is calculated using the following formula:

VIMGini
ij = ∑m∈M VIMGini

jm (3)

The importance of variables Xj in the forest of n trees is as follows:

VIMGini
j = ∑n

i=1 VIMGini
ij (4)

Finally, the above importance is normalized to obtain the importance score of Xj:

VIMj =
VIMGini

j

∑C
c=1 VIMGini

c
. (5)

The importance of the influencing factor is evaluated by calculating the average
decrease in the Gini index before and after node splitting. The larger the VIM value of the
influencing factor, the more substantial its impact on carbon dioxide emissions; a small VIM
value of a variable indicates that the impact on the dependent variable is not significant.
Therefore, random forest can identify key factors affecting carbon dioxide emissions.



Atmosphere 2024, 15, 907 5 of 21

2.2. LSTM

The LSTM model is mainly used to process time series data. China’s carbon dioxide
emissions have grown rapidly and experienced periodic fluctuations since 2010. The
LSTM model can effectively digest this upward trend information and retain the long-term
variation pattern of the sequence, thus making it very suitable to predict China’s carbon
peak state [38]. Based on the evaluation indicators of predicted and true values, they are
compared with several models and the model with the best prediction performance is
selected for the prediction.

The main structure of the LSTM algorithm is as follows.
Input Gate: Control the flow of information into a storage unit and determine which

information will be updated to the cell state using the sigmoid function [37]:

it = σ(Wixt + Uiht−1 + bi). (6)

C̃i = tanh(Wcxt + Ucht−1 + bc). (7)

where W, U, and B are weights and errors, xt is the current signal input, ht−1 is the previous
input of the memory unit, and C̃i is a memory unit.

Forget Gate: Whether the information in the previous storage unit has accumulated at
the current time is controlled and which old information should be forgotten is determined
using the sigmoid function. The Forget Gate output is updated as follows:

ft = σ
(

W f xt + U f ht−1 + b f

)
. (8)

Update Cell State: The cell state is updated by combining the results of the input gate
and the forget gate. The new storage unit is updated as follows:

Ct = it × C̃i + ft × Ct−1. (9)

The results of LSTM structure nodes are output to output layer neurons:

ot = σ(Woxt + Uoht−1 + bo). (10)

Finally, the model needs to be tested for accuracy and error between actual and
predicted values. This paper selects the mean absolute error (MAE), the mean squared
error (MSE), the mean absolute percentage error (MAPE), and R2 as testing metrics. The
evaluation indicators used in this paper are as follows:

MAE =
1
n ∑n

i=1|ŷi − yi|. (11)

MSE =
1
n ∑n

i=1(ŷi − yi)
2. (12)

MAPE =
100%

n ∑n
i=1

∣∣∣∣ ŷi − yi
yi

∣∣∣∣. (13)

R2 = 1 − ∑n
i=1(ŷi − yi)

2

∑n
i=1(yi − yi)

2 . (14)

In the above evaluation indicators, ŷi and yi represent the predicted value of the model
and the true value in the i-th sample, respectively. n represents the number of samples, and
yi represents the average of the i-th sample. The range of R2 is [0–1], where the closer R2 is
to 1, the better the prediction performance of the model. For MAPE, MAE, and MSE, the
lower the indicator value, the higher the prediction accuracy. Based on the performance of
the above evaluation indicators, the model with the best prediction performance is selected.
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2.3. Sparrow Search Algorithm

SSA is an algorithm that is inspired by the group wisdom, foraging, and anti-predation
behaviors of sparrows; it continuously updates the positions of discoverers and follow-
ers [40] and converges near the optimal value. A certain proportion of individuals will be
selected from the population for examination and warning. If danger is identified, these
individuals will choose to give up their food to ensure safety. Thus, this algorithm can find
the optimal parameters for the model. This paper combines SSA with LSTM to accurately
and quickly identify optimal parameters.

For sparrow populations [41],
x1

1 x2
1 · · · xd

1
x1

2 x2
2 · · · xd

2
...

... · · ·
...

x1
n x2

n · · · xd
n

 (15)

n stands for the number of sparrows in the population, and d stands for the dimension
attached to an individual sparrow.

The adaptability of sparrows is as follows:

fx =


f
([

x1
1, x2

1 · · · xd
1
])

f
([

x1
2, x2

2 · · · xd
2
])

...
f
([

x1
n, x2

n · · · xd
n
])

 (16)

During each iteration, the location of the discoverer is updated and described as
follows:

Xt+1
i,d =

{
Xt

i,d·exp
(
− i

α·T

)
, i f R2 < ST,

Xt
i,d + Γ·L, i f R2 ≥ ST.

(17)

where T is the maximum number of iterations; when the maximum number of iterations
is reached, the model will stop running. α ∈ (0, 1] is a random number, and R2 ∈ [0, 1]
and ST ∈ [0.5, 1] represent the warning value and safety value, respectively. Γ is a random
number subject to normal distribution, and L is a row vector with all elements of 1.

R2 ≥ ST indicates that certain sparrows have identified danger. At this time, the
discoverer should move to a safe position, i.e., the discoverer randomly moves to the
current position according to a distribution. However, R2 < ST indicates that there is no
danger in the current environment, and the discoverer can conduct a large-scale search
operation. With increasing population algebra, the value range of the exp

(
− i

α·T

)
term

will decrease, and the distribution of values will become more uniform, i.e., the values
corresponding to each dimension of the sparrow body will decrease.

The updated location of the followers is as follows [42]:

Xt+1
i,d =

 Γ·exp
[

Xt
w,d−Xt

i,d
i2

]
, i f i > n

2 ,

Xt+1
p,d +

∣∣∣Xt
i,d − Xt+1

p,d

∣∣∣A+·L, otherswise.
(18)

where Xt
w,d represents the worst position of the sparrow in the d dimension during the t

iteration, and Xt+1
p,d represents the optimal position of the sparrow in the d dimension at the

t + 1 iteration of the population. A represents a row of the multidimensional matrix with
each element being 1 or −1, A+ = AT(AAT)−1, when i > n

2 indicates that the pursuer is
in a very hungry state. The product of a standard normal distribution random number
and exponential function with natural logarithm is used as the base to control its value to
conform to a normal distribution, i.e., to obtain more energy.
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In the sparrow population, the number of sparrows with an alert mechanism accounts
for 10–20% of the total number, and their positions are randomly distributed. The position
update formula is as follows:

Xt+1
i,d =

 Xt
b,d + β

(
Xt

i,d − Xt
b,d

)
, i f fi ̸= fg,

Xt
i,d + K[

Xt
i,d−Xt+1

w,d
| fi− fw |+σ

], i f fi = fg.

(19)

where Xt
b,d is the current global optimal position, β represents the step size control param-

eter, and K is a random number between [−1, 1], representing the direction of sparrow
movement. fi represents the fitness value of the i-th sparrow, and fg and fw are the optimal
and worst fitness values for the current sparrow population. When the sparrow is warned
that it is currently in its optimal position, it will flee to a nearby location. If it is not in the
optimal position, it will flee to the vicinity of the current optimal position until it finds
the optimal position, thereby identifying a set of parameters to ensure optimal model
performance.

3. Results and Discussion
3.1. Data Sources and Factors Affecting Carbon Dioxide Emissions
3.1.1. Data Sources

Considering the factors affecting carbon dioxide emissions studied in the existing
literature, 26 representative influencing factors were selected from aspects such as economy,
policy, environment, energy, industrial structure, population, and technology. The data
were obtained from the “China Statistical Yearbook”, “China Environmental Statistical
Yearbook”, “China Energy Statistical Yearbook”, “China Labor Statistics Yearbook”, the
National Bureau of Statistics, the World Bank, and the Observatory of Economic Complexity
Website. The data of carbon dioxide emissions from 1990 to 2019 were obtained from the
China Emission Accounts and Datasets. The parameters for scenario setting refer to
government planning documents and the relevant literature.

3.1.2. Factors Affecting Carbon Dioxide Emissions

Carbon dioxide emissions are affected by a variety of factors, including energy con-
sumption, industrial structure, population and urbanization, and policies and technologies.

Energy consumption is one of the main factors affecting CO2 emissions. Numerous
studies have shown that the consumption of fossil fuels, especially the use of coal, oil and
natural gas, is a major source of CO2 emissions [8]. The industrial structure has a significant
impact on CO2 emissions. Regions with a high proportion of heavy industry and energy-
intensive industries also tend to have higher CO2 emissions [10]. Therefore, the adjustment
of industrial structure is of great significance for reducing carbon emissions. Population
growth and urbanization are also important factors influencing CO2 emissions [9]. As the
population increases and the level of urbanization increases, the demand for energy is rising,
which leads to an increase in CO2 emissions. Policy and technology developments play a
key role in the control of carbon dioxide emissions. The government’s energy conservation
and emission reduction policies, as well as the research and development and application
of clean energy technologies, can effectively reduce carbon dioxide emissions [43].

Based on the factors of carbon dioxide emissions mentioned above, and in reference
to the research of Liu [22], Qin et al. [23], and Lin [44], factors affecting carbon dioxide
emissions can be selected from industrial structure, energy structure, economic growth,
urbanization level, population, and environment. The TCI index from Lin Yifu’s new
structural economics [44] and economic complexity [43] can be added to represent policy
impact. In this paper, representative factors are selected from seven aspects; several factors
are explained as follows.

(1) Energy structure: Coal consumption accounts for the total energy consumption.
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The TCI is used to measure the development strategy a country implements [44]:

TCIi,t =
AVMi,t/LMi,t

GDPi,t/Li,t
(20)

AVMi,t and GDPi,t refer to the added value of the industry and the gross domestic
product (GDP), respectively, of region i in year t. LMi,t and Li,t refer to the number of
employees in the industry and the total number of employed people, respectively, of
region i in year t. AVMi,t/LMi,t and GDPi,t/Li,t represent the average labor value added
of the industry and the average labor GDP, respectively, of region i in year t, where TCIi,t
represents the technology selection index of region i in year t. TCI indicates the direction of
policies towards the industry.

(2) Economic complexity: The data represent the correlation between industries. Policy
stability can increase economic complexity [43] and is used to represent policy stability
intensity.

(3) Greenhouse gases: The website of the Organization for Economic Co-operation and
Development specifies several greenhouse gases that impact climate change. In this
paper, the impact of methane emissions on carbon dioxide emissions is selected.

(4) Renewable energy generation: Renewable energies include hydropower, wind energy,
solar energy, geothermal energy, and biomass energy; the data used in this paper do
not include hydropower generation.

(5) Air freight volume: The number of goods, express delivery, and diplomatic bags
transported during each flight phase (from takeoff to next landing) are measured in
metric tons multiplied by the number of kilometers flown. In this paper, this indicator
is used to represent energy consumption during transportation.

To establish a more comprehensive indicator system of the factors influencing carbon
dioxide emissions and to reflect the carbon dioxide emissions in more detail [22], in this
paper, a system of factors from economy, policy, environment, energy, industrial structure,
population, and technology is constructed. The 26 representative influencing factors
selected in this paper and the data sources are shown in Table 2.

Table 2. Influencing factors of carbon dioxide emissions.

Primary Indicators Secondary Indicators Data Sources

Economic
GDP China Statistical Yearbook

Total import and export amount National Bureau of Statistics
Foreign investment National Bureau of Statistics

Industrial structure

Proportion of primary industry National Bureau of Statistics
Proportion of construction industry National Bureau of Statistics

Proportion of transportation industry National Bureau of Statistics
Proportion of accommodation and catering industry National Bureau of Statistics

Proportion of financial industry
Proportion of real estate industry National Bureau of Statistics

Proportion of wholesale and retail industry National Bureau of Statistics
Proportion of computers, communication, and other services World Bank

Environment

Afforestation area China Environmental Statistical Yearbook
Nitric oxide emission World Bank

Methane emission World Bank
SO2 emission China Environmental Statistical Yearbook

Technology
R&D funding China Statistical Yearbook

Patent authorization volume National Bureau of Statistics
National education funding National Bureau of Statistics

Energy
Energy consumption China Energy Statistical Yearbook

Renewable energy generation World Bank
Air freight volume World Bank
Energy structure China Energy Statistical Yearbook

Policy TCI index China Labor Statistics Yearbook and China
Statistical Yearbook

Economic complexity Observatory of Economic Complexity Website

Social Population China Statistical Yearbook
Urbanization rate China Statistical Yearbook
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3.2. Decoupling Analysis

Considering that the Tapio decoupling model can accurately reflect the situation
between resources, environment, and economic growth in a region over a certain period of
time, based on the Tapio values, this paper determines whether GDP and carbon dioxide
emissions in the region are decoupled.

ε =
∆CO2

CO2
/

∆GDP
GDP

=
e
g

(21)

ε is the Tapio decoupling elastic coefficient. ∆CO2 and ∆GDP are the differences in
carbon dioxide emissions and GDP between two adjacent periods, respectively. e and g are
the growth rate of carbon dioxide emissions and GDP, respectively [24].

According to the decoupling coefficient, this coefficient is divided into eight decou-
pling states. Strong decoupling refers to the situation where the economy is increasing and
carbon dioxide emissions are decreasing, which is a good green economy development state.
Strong negative decoupling refers to increasing carbon dioxide emissions and decreasing
economy, which is the worst-case scenario; all other scenarios are in an intermediate state.
To achieve the dual carbon goals, it is necessary to completely decouple GDP and carbon
dioxide emissions. The eight decoupling states are shown in Figure 2.

Figure 2. Eight kinds of decoupling states.

According to the above formula, the Tapio decoupling elasticity coefficients of China
from 1990 to 2019 are obtained, as shown in Table 3.

Table 3 shows that in the decade from 1990 to 2000, China’s carbon dioxide emissions
and GDP were in a state of strong and weak decoupling. However, during the “Tenth
Five Year Plan” period, China was in a state of expansion coupling. Even in 2002–2003,
the decoupling elasticity coefficient reached 1.26, indicating that the growth of carbon
dioxide emissions exceeded the speed of economic growth at this time, which violated the
requirements of green economy development.

With increasing national emission reduction efforts, the decoupling coefficient has
started to decrease. Since 2005, the decoupling coefficient has followed a trend of first
decreasing and then increasing. In 2014–2015, the decoupling elasticity coefficient was
−0.21, indicating a strong decoupling state, while China was in a weak decoupling state at
other times. In recent years, China’s economic growth has slowed down, and the decoupling
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elasticity coefficient has also shown a slight rebound. This indicates that China’s economic
growth and carbon dioxide emissions will remain weakly decoupled for a period of time
in the future. Because economic growth has not yet been completely decoupled from
carbon dioxide emissions, relevant policy constraints are needed to achieve complete
decoupling between economic growth and carbon dioxide emissions. Simultaneously, the
future carbon peak situation needs to be studied to achieve stipulated carbon peak and
carbon neutrality goals.

Table 3. Tapio decoupling elasticity coefficients in China from 1990 to 2019.

Year Decoupling Elasticity Coefficient State

1990–1991 0.36 Weak decoupling
1991–1992 0.21 Weak decoupling
1992–1993 0.30 Weak decoupling
1993–1994 0.13 Weak decoupling
1994–1995 0.44 Weak decoupling
1995–1996 −0.03 Strong decoupling
1996–1997 0.19 Weak decoupling
1997–1998 0.47 Weak decoupling
1998–1999 −0.41 Strong decoupling
1999–2000 0.57 Weak decoupling
2000–2001 0.52 Weak decoupling
2001–2002 0.81 Expansive coupling
2002–2003 1.23 Expansive coupling
2003–2004 0.90 Expansive coupling
2004–2005 0.87 Expansive coupling
2005–2006 0.61 Weak decoupling
2006–2007 0.37 Weak decoupling
2007–2008 0.16 Weak decoupling
2008–2009 0.79 Weak decoupling
2009–2010 0.54 Weak decoupling
2010–2011 0.52 Weak decoupling
2011–2012 0.27 Weak decoupling
2012–2013 0.46 Weak decoupling
2013–2014 0.03 Weak decoupling
2014–2015 −0.21 Strong decoupling
2015–2016 0.02 Weak decoupling
2016–2017 0.20 Weak decoupling
2017–2018 0.38 Weak decoupling
2018–2019 0.27 Weak decoupling

3.3. Simulating the Path towards Carbon Peak
3.3.1. Analysis and Screening of Factors Affecting Carbon Dioxide Emissions

Based on this paper’s selection of 26 influencing factors from the seven aspects of
economy, industrial structure, energy, society, technology, policy, and environment (exam-
ples of which are the proportion of primary industry, TCI index, afforestation area, GDP,
urbanization rate, foreign investment, energy intensity, energy structure, population, and
sulfur dioxide emissions), the correlation coefficients between these influencing factors are
calculated. Thus, the correlation coefficient matrix between them is obtained. This paper
visualizes the correlation coefficient matrix and produces a thermodynamic diagram as
shown in Figure 3.

Figure 3 clearly shows the linear relationship between influencing factors. Traditional
linear models cannot analyze factors with multicollinearity, but machine learning models
can solve this problem. Therefore, this paper uses random forest and ridge regression mod-
els to identify key influencing factors and predict future carbon dioxide emissions trends.
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(1) Random Forest Results

Through the random forest model, the VIM values that represent the importance of
factors are output; the importance of influencing factors is shown in Figure 4.

Figure 4. The importance of 26 influencing factor characteristics.

According to Figure 4, the importance of influencing factors over 0.04 is selected
to predict carbon dioxide emissions; these are population, GDP, nitric oxide emissions,
research and development (R&D) funding, air freight volume, methane emissions, propor-
tion of primary industry, patent authorization volume, energy consumption, urbanization
rate, economic complexity, renewable energy generation, national education funding, total
import and export volumes, proportion of real estate industry, and foreign investment.
Among these, population and GDP have the greatest impact on carbon dioxide emissions.
The larger the population size, the greater the energy demand, and the more carbon dioxide
emissions are generated. Coupled with the dependence of economic growth on energy
consumption, the trend of carbon dioxide emissions has been increasing. The screened
influencing factors can more accurately predict the trend of carbon dioxide emissions.

(2) Ridge Regression Results

To test the reliability of the results of random forest screening, ridge regression was
used to analyze various influencing factors. After the addition of the 26 factors of carbon
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dioxide emissions to the model, the regression coefficients between patent authorization
volume and renewable energy generation were not significant; other significant factors
match the results of random forest screening. Therefore, the non-significant factors men-
tioned above were excluded, and other significant factors are the same as those used in the
random forest screening.

By incorporating the selected factors into the model for regression and choosing the
appropriate K value, the impact of each factor on carbon dioxide emissions can be identified.
The results are shown in Table 4.

Table 4. Updated ridge regression results.

K = 0.163 Unstandardized
Coefficients t P R2 Adjust R2 F

Constant 0.008 0.473 0.643

0.994 0.989
188.347

(0.000 ***)

GDP 0.048 4.988 0.000 ***
Primary sector of the economy −0.06 −2.758 0.015 **

Total import and export volume 0.116 9.889 0.000 ***
Urbanization rate 0.072 7.249 0.000 ***

R&D funding 0.034 2.55 0.022 **
Foreign investment 0.07 3.204 0.006 ***

Energy consumption 0.129 12.038 0.000 ***
Population 0.042 2.82 0.013 **
Real estate 0.069 3.994 0.001 ***

Economic complexity 0.186 6.407 0.000 ***
Nitric oxide emission 0.077 5.167 0.000 ***

Air freight volume 0.079 6.05 0.000 ***
Methane emission 0.136 9.004 0.000 ***

National education funds 0.045 3.752 0.002 ***

Note: ***, ** represent significance levels of 1% and 5%, respectively.

R2 is 0.994, the adjusted R2 is 0.989, the F-statistic is significant at the 0.01 level, and
the overall fitting effect is good. These results indicate that the selected factors have high
interpretability for carbon dioxide emissions.

As shown in Table 4, the impact of economic complexity on carbon dioxide emissions
is relatively large, and the improvement in policy stability promotes an increase in eco-
nomic complexity [43]. The division of labor between regions and industries is clear, thus
promoting efficient economic development. In the short run, carbon dioxide emissions
will increase, but in the long run, carbon dioxide emissions will inevitably be controlled.
Because the chosen urbanization level reflects the population urbanization rate, and there
is an inverted U-shaped relationship between urbanization and carbon emissions [45],
an effective urbanization process can be gradually adopted to suppress the increase in
carbon emissions. Energy consumption should be reduced, the stable growth of GDP
and population should be controlled, and high-energy-consuming industries should be
upgraded. R&D funding has a positive impact on carbon dioxide emissions, which follows
a non-linear relationship [46]. An increase in R&D intensity can only reduce carbon dioxide
emissions when R&D intensity reaches a certain level. Therefore, it is necessary to increase
R&D investment and national education funding and to suppress carbon dioxide emissions
through inflection points.

Although the relationship between influencing factors and carbon emissions has been
obtained, the fitting effect of the model and its prediction accuracy are insufficient. The
results of ridge regression prediction and true values are shown in Figure 5.

Therefore, the ridge regression model is more suitable for analyzing the relationship
between influencing factors and carbon dioxide emissions. This paper searches for a better
prediction model to predict the dynamic evolution trend of carbon dioxide emissions.
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Figure 5. Ridge regression fitting plot.

3.3.2. Model Selection

Data from 1990 to 2015 were selected to train the model, and data from 2016 to 2019
were selected as the test set. Then, carbon dioxide emissions data were predicted using the
SVR, SSA-SVR, LSTM, and SSA-LSTM models, where SSA-SVR and SSA-LSTM optimize
the parameters of the SVR and LSTM models using SSA. The MAE, MSE, MAPE, and R2 of
the four models are shown in Table 5.

Table 5. Performance indicators of the models.

Model MAE MSE MAPE R2

SVR 1.3286 2.0670 1.2798% 0.8075
SSA-SVR 0.8065 0.7868 0.7767% 0.9267

LSTM 0.9398 1.1969 0.9059% 0.8885
SSA-LSTM 0.4501 0.3131 0.4433% 0.9708

Based on the four evaluation indicators shown in Table 5, the MSE, MAE, and MAPE
values of SSA-LSTM are the smallest, and its R2 is the closest to 1, reaching 0.9708. The
SSA-LSTM model achieves the best performance on all four evaluation indicators and
achieves higher predictive accuracy. Therefore, this paper selects the SSA-LSTM model
for prediction. The parameter optimization of the SSA-LSTM model and the model fitting
effect from 1990 to 2019 are shown in Figures 6–8.
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Figure 8 shows that the SSA-LSTM model achieves a good fitting effect in predicting
carbon dioxide emissions and can more accurately capture the situation and values of the
carbon peak, which meets the research needs of this paper.

3.3.3. Scenario Setting

The meaning of control indicators refers to their ability to control corresponding
indicators through macro policy guidance, environmental regulations, and other policy
measures. Non-controlling indicators are more influenced by past data and the market,
and they will develop according to a certain level of inertia. Therefore, it is advisable to
use appropriate models for their prediction. This paper uses the G (1,1) model to predict
non-controlling indicators.

The setting of carbon peak scenario prediction parameters requires the consideration
of multiple factors. The following presents several parameters that can be macro controlled
by policies.

(1) GDP

The prediction of carbon peak scenarios needs to consider the economic development
trend. As China is still a developing country, pursuing moderate economic growth for a
considerable period of time is a necessary condition to achieve national prosperity and
strength. Therefore, the dual carbon target cannot be achieved by reducing the economic
growth rate, making it necessary to set a reasonable annual GDP growth rate. According to
the “Research Report on Carbon peak in China before 2030” [47], it has been estimated that
China will achieve carbon peak in the 14th Five Year Plan and 15th Five Year Plan period.
The average GDP growth rate exceeded 5% every year, and the GDP of 2035 was projected
to double compared to the 2020 level; therefore, China’s average annual GDP growth rate
was set to 5.5% from 2021 to 2030 and to 4.5% from 2030 to 2040. This setting is used as
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the benchmark scenario. According to the World and China Energy Outlook 2060 [48], the
average annual growth rate of China’s GDP before 2025 is about 4.8%, and from 2025 to
2060, it is 3.1%, which is considered a low-carbon scenario. The average annual growth rate
of GDP from 2021 to 2030 was set to 6.89%, and from 2030 to 2040, it was set to 6.31% [49],
which is considered an extensive scenario.

(2) Population

The population growth rate also impacts carbon emissions; therefore, it is necessary
to consider expected changes in the population growth rate. Chen et al. [50] used the
population growth rate from 2020 to 2030 to predict the total population in the future,
predicting the total population of China to reach 1412 million in 2025, 1424 million in 2030,
and 1440 million in 2040. This is considered the benchmark scenario. The China Petroleum
Economic and Technological Research Institute [48] predicted that the population of China
will reach a peak of 1.43 billion people by 2030, followed by a slow decline, and a decrease
to 1.3 billion people by 2060. In this paper, this is used as the low-carbon scenario. The
analysis of designated scenarios was conducted according to the National Population
Development Plan [51]. In this paper, the population is set to reach 1448 million in 2025,
1488 million in 2030, 1529 million in 2035, and 1567 million in 2040, which represents an
extensive scenario.

(3) Urbanization rate

Because of the inverted U-shaped relationship between urbanization and carbon
emissions [9], effective urbanization processes can be gradually adopted to suppress the
increase in carbon emissions. According to the “fourteen” proposed by Ou et al. [52],
China’s urbanization rate will generally follow a stable and slowing trend during the
Five Year Plan period. The average annual growth rate from 2020 to 2025 will remain at
around 0.71%, and it is expected to reach around 72.2% in 2025, 73.5% in 2035, and 74.9% in
2040 [49]. In this paper, this serves as the benchmark scenario. Under the new pattern of
“dual circulation”, the urbanization rate continues to increase fueled by new urbanization
policies. It is expected that the urbanization rate will reach around 70% in 2030 and further
increase to around 80% in 2060, which is considered a low-carbon scenario. According to
the benchmark scenario and current data statistics, the urbanization rate in 2020 was 63.9%,
the average annual growth rate of urbanization remained at 1.32% from 2020 to 2025, and
the urbanization rate will reach around 74% in 2030, 76.4% in 2035, and 78% in 2040. This
serves as the extensive scenario.

(4) Energy consumption

Carbon emissions are closely related to energy consumption; therefore, to substantially
control carbon dioxide emissions, it is necessary to control energy consumption. The 14th
Five Year Plan requires a decrease of 13.5% in energy consumption per unit of GDP by
2025 and requires energy consumption to be at the same level as that of the 13th Five Year
Plan. In the benchmark scenario, this paper sets an annual growth rate of −3.40% for
energy intensity from 2020 to 2030 and a rate of −2.7% from 2030 to 2039. The low-carbon
scenario is characterized by an average annual growth rate of −3.90% from 2020 to 2030
and a rate of −3.2% from 2030 to 2039. The average annual growth rate of energy intensity
is −2.5% from 2020 to 2030 and −2% from 2020 to 2033, which is considered an extensive
scenario. Energy consumption can be obtained by setting energy intensity and GDP and
by increasing the efforts of low-carbon transformation in the energy industry. Scenario
parameter settings are shown in Tables 6–8
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Table 6. Benchmark scenario parameter setting.

M 2020–2025 2025–2030 2030–2035 2035–2040

Average annual growth rate of GDP 5.5% 5.5% 4.5% 4.5%
Population 14.12 14.24 14.32 14.39

Urbanization rate 67.45% 72.2% 73.5% 74.9%
Average annual growth rate of energy intensity −3.4% −3.4% −2.7% −2.7%

Table 7. Low-carbon scenario parameter setting.

L 2020–2025 2025–2030 2030–2035 2035–2040

Average annual growth rate of GDP 4.8% 4.8% 4.8% 3.1%
Population 14.21 14.3 14.07 13.89

Urbanization rate 65.92% 70% 71.58% 73.19%
Average annual growth rate of energy intensity −3.9% −3.9% −3.2% −3.2%

Table 8. Extensive scenario parameter setting.

H 2020–2025 2025–2030 2030–2035 2035–2040

Average annual growth rate of GDP 6.89% 6.89% 6.31% 6.31%
Population 14.48 14.88 15.29 15.67

Urbanization rate 67.84% 74% 76.2% 78%
Average annual growth rate of energy intensity −2.5% −2.5% −2% −2%

3.3.4. Prediction Results

In these three scenarios, this paper can obtain the carbon peak time and peak value
under the prediction of the SSA-LSTM model. These are shown in Figures 9 and 10.
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The carbon peak time of the benchmark scenario is 2031, with a peak of 12.346 billion
tons. The carbon peak time of the low-carbon scenario is 2030, with a peak of 11.962 billion
tons. In the extensive scenario, the peak time is 2037, with a peak of 13.291 billion tons,
which is 945 million tons higher than the peak of the benchmark scenario and 1329 million
tons higher than the peak of the low-carbon scenario. The high peak will also have a
considerable impact on the environment.

Figure 9 shows that under the three scenarios, the peak value is relatively high and the
post peak change rate is small; the decrease in carbon dioxide emissions is relatively stable,
and without strict constraints on the economy and energy, it will be challenging for China to
achieve carbon neutrality by 2060. Moreover, Figure 10 shows that the change rates before
and after the peak value differ between the three scenarios. In the benchmark scenario, the
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average annual growth rate before the peak is 0.7%, and the average annual growth after
the peak is −0.2%. In the low-carbon scenario, the average annual growth rate before the
peak is 0.55%, and the average annual growth after the peak is −0.4%. In the extensive
scenario, the average annual growth rate before the peak is 0.39%, and the average annual
growth after the peak is −0.15%. The increasing rate before reaching the peak is higher than
the rate of decrease after reaching the peak. By constraining factors such as the economy,
energy consumption, population, and urbanization rate, the degree of carbon dioxide
emissions reduction is limited; therefore, the level of technological innovation should be
improved and carbon dioxide emissions should be reduced from the perspective of energy
use efficiency.
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Therefore, we consider the impact of GDP growth, population growth, energy con-
sumption, and technological progress on carbon dioxide emissions, because the energy
consumption in this paper is calculated from energy intensity, and energy consumption is
linked to technological progress; so based on the baseline scenario, low-carbon scenario,
and extensive scenario, this paper sets the scenarios of low economic development, low
population growth, and technological progress, except for the GDP (population or energy
intensity) in the low-carbon scenario, other factors are set as in the baseline scenario, so as
to compare with the baseline scenario. The low-carbon scenario and the extensive scenario
were compared to observe the impact of changes in different factors on carbon dioxide
emissions. Six scenario settings and results are shown in Tables 9 and 10.

Table 9. Six scenarios’ parameter setting.

Scenarios GDP Population Urbanization
Rate

Average Annual Growth
Rate of Energy Intensity

Benchmark scenario M M M M
Extensive scenario H H H H

Low-carbon scenario L L L L
Low economic development scenario L M M M

Low population growth scenario M L M M
Technological progress scenario M M M L

Table 10. Peak results in six scenarios.

Scenarios 2025 2030 2035

Benchmark scenario 124.62 130.51 131.25
Extensive scenario 120.22 122.58 121.86

Low-carbon scenario 118.93 120.97 119.74
Low economic development scenario 120.24 123.52 122.94

Low population growth scenario 120.59 123.71 121.9
Technological progress scenario 118.80 119.75 119.57
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According to Figure 11, in the low economic development scenario, GDP is set accord-
ing to the low-carbon scenario, while other parameters are set according to the baseline
scenario. The peak and peak times were similar to the baseline scenario and did not change
significantly. In the low population growth scenario, the population is set according to the
low-carbon scenario, while the other parameters are set according to the baseline scenario.
The peak time is in 2030, with a peak of 12.372 billion tons, similar to the baseline scenario,
with no significant change in the peak. Under the technological progress scenario, energy
intensity is set according to the low-carbon scenario, and other parameters are set according
to the baseline scenario, with carbon dioxide emissions peaking at 11.98 billion tons in
2034, similar to the low-carbon scenario. It can be concluded that energy intensity is a key
factor in reducing the peak, i.e., technological progress; therefore, the level of technological
innovation should be increased from the perspective of energy efficiency to reduce carbon
dioxide emissions.
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4. Conclusions

Based on random forest and ridge regression methods, this paper identifies the key
influencing factors of China’s carbon dioxide emissions. The SSA-LSTM model with
the best prediction effect on China’s carbon dioxide emissions was selected to predict
the evolution trend of China’s carbon dioxide emissions under the three scenarios of
the benchmark scenario, low-carbon scenario, and extensive scenario. The following
conclusions are obtained:

(1) Decoupling analysis shows that China’s GDP and carbon dioxide emissions were
generally in a weak decoupling state between 1990 and 2019. In addition, SSA-
LSTM achieves a higher accuracy in predicting carbon dioxide emissions, which
can better predict the peak level and peak time of carbon dioxide emissions. The
SSA-LSTM model can also be used to predict the trends of carbon dioxide emissions
in other countries.

(2) The scenario analysis result indicates that under both the low-carbon scenario and
benchmark scenario, China can achieve the carbon peak goal at around 2030. Under
the extensive scenario, the time when carbon peak will be achieved is postponed to
2037, and the peak is 945 million tons and 1329 million tons higher compared to the
peaks of the benchmark scenario and low-carbon scenario, respectively. Therefore,
China should develop towards a low-carbon scenario in the future to minimize
detrimental impacts on the environment. Through the scenarios of low economic
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development, low population growth, and technological progress, it can be concluded
that energy intensity is the key factor in reducing the peak.

Important policy inspirations of this study are summarized as follows: To achieve the
carbon peak target on schedule, China needs to drive the relationship between GDP and
carbon dioxide emissions from a weak decoupling state to a strong decoupling state. This
means that China needs to break away from the old path represented by both the extensive
development scenario and the benchmark development scenario and enter a new path
of low-carbon development. While maintaining stable economic growth, China should
focus on improving the technological level and reducing energy intensity to move towards
a new low-carbon development path. The research presented in this paper has a certain
reference value for China to formulate carbon dioxide emissions reduction policies and can
also provide theoretical insight for global sustainable development.
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