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Abstract: At the 2020 United Nations Climate Summit, China officially announced its goal to achieve carbon peaking by
2030. Exploring whether it is possible to reach the peak of carbon emissions earlier necessitates an urgent and imperative
need for precise long-term forecasting of China's carbon emissions dynamics. However, the current predictions of carbon
peaking mostly depend on mechanical or mathematical models, which failed to consider the interdependence between carbon
emissions and the time series-based patterns existed in carbon emission data. Therefore, this study presents a novel carbon
peaking prediction method based on time series forecasting with autonomous rule generation, which is implemented by the
adaptation of the extended belief rule base (EBRB) model designed for handling time series data and thus it is referred to as
the time series forecasting EBRB (TSF-EBRB) model. The TSF-EBRB model not only captures and measures the temporal
correlations within the data throughout the processes of modeling and inference, but also consists of a novel parameter
optimization model based on the temporal correlations. The study collected carbon emission data from 30 provinces in China
for empirical analysis. It computed and predicted the carbon peaking trajectories of each province under three different
scenarios from 2022 to 2030, validating the effectiveness and superiority of the TSF-EBRB model. The results indicate that,
with policy interventions, the majority of provinces are projected to reach carbon peaking before 2030. Finally, based on the
predicted outcomes under different scenarios, recommendations for carbon emission reduction are proposed.

Graphical abstract

Forecasting Carbon Peaking in China Using Data-Driven Rule-Base Model:

An In-depth Analysis Across Regional and Economic Scenarios

The prediction model combines the EBRB model with time series forecasting techniques

N 700 *

/' : %
u:g iz
2

= >

\ "
I Data preprocess‘rng ALES0 X A
and extraction of The TSF-EBRB model . £ = Province
key indicators generation l—o—1sri3xs---zsm; GM (1, 1) @ ARIMA SVM

rmnparisun of MAL of different models between 2017-2019

,' Compared to other algorithms,
. the TSF-EBRB model

integrating time series forecasting
and autonomous rule generation to | (
forecast carbon emissions lrajeclories 3

across provinces .
p \Predlctlon of carbon / demonstrates superior
pea.kmg scen.arlos in The inference of the accuracy and stability in
various provinces of TSF-EBRB model o o
R CHifs p predicting the carbon emission

peaks in China.

|
\ i
ey I The TSF-EBRB model effectively predicts carbon peaking trajectories in China, :
e | offering valuable insights for policy interventions and emission reduction strategics to :
\

achieve carbon neutrality goals. |
Keywords: Carbon peaking prediction; Autonomous rule generation; Time series forecasting; Extended belief rule base
1. Introduction

1
© 2024 This manuscript version is made available under the CC-BY-NC-ND 4.0 license http://creativecommons.org/licenses/by-nc-nd/4.0/



27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60
61
62
63
64

Time series forecasting involves the utilization of historical time series data and domain-specific prior knowledge to
explore and analyze various time series patterns, including periodicity, volatility, and trends. Subsequently, these identified
patterns are employed to predict outcomes in future periods. In the field of environmental science, time series forecasting is
widely employed to investigate aspects, such as climate change, the frequency of natural disasters, and ecosystem variations.
However, in today's industrialized society, carbon emissions have become an exceedingly critical subject due to their direct
relevance to climate change(Jian-Bo et al., 2006; Sippel et al., 2020), environmental conservation(Wen et al., 2021), and
sustainable development(Gonzalez-Torres et al., 2021).

The issue of global climate change is becoming increasingly severe, with carbon dioxide emissions being one of the
main sources of greenhouse gas emissions. Controlling carbon dioxide emissions is of paramount importance for mitigating
climate change. In 2019, global carbon dioxide emissions reached 36.4 billion tons, with China's total carbon dioxide
emissions increasing from 9.085 billion tons in 2015 to 10.2 billion tons, accounting for 27.9% of global emissions, making
it the world's largest emitter of greenhouse gases. In the face of the challenges posed by global climate change, the Chinese
government has recognized the urgency of emissions reduction. In accordance with the Paris Agreement, China updated and
strengthened its nationally determined contributions in 2020, committing to peak carbon emissions by 2030 and striving to
achieve carbon neutrality by 2060. This goal entails a comprehensive transition to a green economy through various energy-
saving and emission reduction policies. In this context, accurately predicting China's future carbon emissions trends becomes
particularly important. Accurate predictions of future carbon emissions can assist governments(Qing et al., 2024) in discerning
the anticipated trajectory of carbon emissions. This foresight empowers governments to adjust policy directions, promote
green technology innovation, and guide industrial restructuring(Shen et al., 2023) to achieve carbon emissions goals.
Moreover, businesses can strategically invest in green technologies(Qing et al., 2023) and sustainable development projects
based on carbon emission forecasting data, thereby enhancing their environmental performance(Dagestani & Qing, 2022) and
strengthening their competitiveness.

Despite the widespread application of time series forecasting in environmental science, there are still some limitations
in the decomposition of carbon emission factors and the forecasting of carbon emissions: 1) The factors considered in the
decomposition of carbon emission factors are overly rigid. Because of the evolving dynamics of economy, society, and
technology, the primary factors, such as population and economy, influencing carbon emissions are no longer confined to
conventional factors. Carbon emissions are usually influenced by a range of factors, including regional energy resource
endowments and the stage of forestry development, among others. 2) In the forecasting of carbon emissions, the majority of
studies relied on classical regression models. However, due to the intercorrelation between carbon emission factors, there
exists a high degree of covariance among variables. In other words, a functional relationship exists between the variables
themselves, making it challenging to accurately analyze the relationship between variables and outputs. As a consequence,
this impacts the accuracy of regression prediction models. 3) Traditional time series forecasting models, including ARIMA
and the gray prediction model, have relatively low data requirements and can quickly uncover simple nonlinear patterns within
data. However, these methods struggle to accurately capture complex nonlinear characteristics.

In view of the limitation of time series prediction in the environmental science field, this study proposes a novel time
series forecasting model based on the extended belief rule base (EBRB) model(Calzada et al., 2015) . Presently, conventional
forecasting methods tend to be overly rigid in decomposing carbon emission factors, failing to adapt dynamically to changes

in economic, social, and technological factors. Additionally, these traditional models struggle to effectively manage the
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uncertainties inherent in carbon emission data and accurately capture nonlinear relationships, resulting in suboptimal
prediction accuracy. In contrast, EBRB model, grounded in rule-based reasoning, exhibits robust flexibility and adaptability,
effectively managing uncertainties and variations among factors, thereby enhancing model stability and reliability. Leveraging
its rule-based reasoning mechanism enables the EBRB model to capture nonlinear characteristics and intricate relationships
within carbon emission data, further improving prediction accuracy. Thus, selecting EBRB as the foundational model is
pivotal in overcoming the challenges inherent in current time series forecasting, elevating the accuracy and stability of carbon
emission predictions, and contributing novel theoretical and methodological advancements to the field of environmental
science forecasting.

The proposed model is therefore referred as time series forecasting EBRB (TSF-EBRB) model. In the modeling process,
the TSF-EBRB model firstly considers the significance of data variables to propose an effective method for identifying key
variables; Secondly, the temporal correlation is defined as an additional parameter of TSF-EBRB model to improve the
efficacy of handling time series data; Thirdly, a corresponding parameter optimization method is proposed based on time-
related correlations to further enhance the accuracy of TSF-EBRB model; Finally, the TSF-EBRB model with the parameter
optimization method are applied to handle carbon peaking prediction.

In the empirical analysis, the environmental indicator data and carbon emission data of 30 Chinese provinces from 2004
to 2021 are collected as the benchmark dataset to verify the effectiveness of the TSF-EBRB model. These provinces cover a
vast geographical area and exhibit diverse levels of economic development, which are crucial for understanding China's
carbon emission trends. Provinces in the eastern coastal region, such as Beijing, Shanghai, and Guangdong, typically have
high levels of industrialization and population density, resulting in higher carbon emissions that significantly impact the
national total. In contrast, provinces in the central and western regions, such as Sichuan, Guizhou, and Inner Mongolia,
primarily rely on resource-based industries, and their carbon emissions are greatly influenced by energy structure and regional
development levels. Therefore, in-depth research into the carbon emissions of these provinces can provide scientific evidence
for formulating regional carbon reduction policies and measures, as well as crucial references for China's carbon peak
prediction and emission reduction goals. By applying the TSF-EBRB model to predict carbon emissions in these provinces,
we can gain a comprehensive understanding of regional disparities and development trends in China's carbon emissions,
thereby offering more targeted strategic and policy recommendations to address climate change.

Consequently, a total of 30 independent TSF-EBRB models are construct to predict the carbon peaking of 30 Chinese
provinces, where these 30 models are specifically designed to account for the distinct features of each province and the
indicated models are used to assess the efficacy and precision of tackling carbon emissions prediction. Additionally, three
kinds of scenarios entitled baseline, low-carbon, and technology development scenarios, four economic areas, and six
geographic regions are considered to assess the feasibility of using the TSF-EBRB model to predict the carbon peaking of 30
Chinese provinces at 2030. The outcomes of the three scenarios provide valuable insights into early carbon peaking realization
in China.

Compared with the existing carbon peaking prediction models, the TSF-EBRB model has the following advantages:

(1) The TSF-EBRB model is able to identify key carbon emission indicators while mitigating information redundancy.
The use of all carbon emission indicators not only have negative impact modeling, but also results in substantial redundancy
within the dataset. For this reason, the TSF-EBRB model employs an analytical approach to evaluate the correlations among

indicators to effectively select the most essential carbon emission indicators.
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(2) The TSF-EBRB model incorporates the time correlation of data in the process of rule generation and rule inference,
thereby significantly enhancing the precision accuracy of time series data. Additionally, the TSF-EBRB model incorporates a
data-driven method for parameter optimization, which aims to mitigate the problem of human subjective effect on parameter
values. This further bolsters the predictive accuracy of the TSF-EBRB model.

(3) The core of the TSF-EBRB model is an interpretative expert system, which employs extended belief rules for the
representation and storage of diverse information, and utilizes evidential reasoning (ER) method to produce final prediction
outcomes. Notably, the TSF-EBRB model not only provides a comprehensive explanation of its operational principles, but
also excels in attaining high prediction accuracy, particularly dealing with nonlinear data.

(4) The TSF-EBRB model exhibits significant theoretical innovation. By incorporating the temporal correlation of time
series data and employing data-driven parameter optimization methods, it accurately captures the dynamic patterns inherent
in the data during the prediction process. Compared to traditional models, the TSF-EBRB model can more precisely forecast
carbon emission peaks, thereby enhancing the accuracy and stability of the prediction results.

The method employed in this study exhibits superiority over traditional approaches for several reasons. By integrating
time series analysis, it captures temporal data dynamics more effectively, thereby enhancing prediction accuracy. Additionally,
a data-driven parameter optimization method is utilized, automatically adjusting model parameters for improved adaptability
to diverse datasets, thereby enhancing prediction accuracy and stability. Furthermore, the introduction of an interpretative
expert system and extended belief rules enhances the model's interpretability and the credibility and comprehensibility of
prediction results. Moreover, the method comprehensively analyzes data from different regions or provinces and tailors
predictions based on their unique characteristics, providing more accurate decision-making guidance. Through these
enhancements, the method proves to be more adept at forecasting future data trends and offering reliable decision-making
guidance.

The main theoretical contribution of this study lies in the introduction of the TSF-EBRB model, which combines with
the traditional EBRB model to improve the accuracy and stability of time series prediction. While the traditional EBRB model
can handle multidimensional data, it overlooks the temporal relationships among data, potentially leading to inaccuracies in
time series prediction. In contrast, the TSF-EBRB model incorporates time series analysis to better capture the temporal
dynamics of the data, thus enhancing prediction accuracy.

In the context of carbon emission prediction, the traditional EBRB model may fail to accurately capture trends in carbon
emissions due to its disregard for temporal dynamics, resulting in significant prediction errors. However, the TSF-EBRB
model, by considering the temporal correlation characteristics, can more accurately predict future trends in carbon emissions.
For example, if a province's carbon emissions have been increasing annually in recent years, the TSF-EBRB model can better
capture this trend and make more accurate predictions for the future. Therefore, the TSF-EBRB model makes a significant
theoretical contribution by addressing the influence of temporal dynamics on data, thereby enhancing prediction accuracy and

reliability compared to the traditional EBRB model.

The rest of this paper is organized below: Section 2 provides literature review and challenges; Section 3 introduces the
EBRB model and the existing problems; Section 4 proposes an improved EBRB model and its application on carbon peaking
prediction. Section 5 is the empirical analysis and the conclusions are summarized in Section 6.

2. Literature Review and Challenges
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Carbon emission prediction has attracted the attentions of many scholars in the past decades, and thus various kinds of
prediction models have been developed for accurately and efficiently predicting carbon emissions. From the previous studies,
the existing prediction models can be roughly divided into four categories: econometric models, time series forecasting models,
scenario analysis methods, and machine learning models.

In the area of carbon projections, econometric models have made remarkable progress, leveraging statistical methods to
explore the relationships and effects of different factors. For example, the Kaya (Gonzalez-Torres et al., 2021) provided a
basic framework focusing on the relationship among population, economic growth and energy consumption and carbon
emissions. The STIRPAT extended the Kaya (Huang et al., 2021) by introducing technology level and urbanization to
comprehensively explain the changes in carbon emissions. Thereafter, due to the potential limitations of STIRPAT, namely
the challenges in capturing complex carbon emission changes and considering lots of factors, an improved STIRPAT was
proposed in order to explain the influencing factors of carbon emissions(Wu et al., 2021).

Thanks to the fact that the econometrics models are usually difficult to capture seasonal changes and trends in data, the
time series forecasting models were introduced to predict carbon emissions. For example, the autoregressive moving average
model (Yang & O’Connell, 2020) was suitable for processing carbon emission time series data with complex seasonal and
stochastic components; the Grey model (Nie & Duan, 2023) was used to deal with the situation of limited data quality or lack
of resources by transforming the original data into grey data. The exponential smoothing method (Wang et al., 2020), which
relies on a weighted average of past observations, was used to capture trends and cyclical fluctuations in different types of
data and was capable of processing carbon emissions data with trend and seasonal variations.

However, the time series forecasting models may not be able to capture the diversity of carbon emissions under different
scenarios. the scenario analysis methods (Ma et al., 2019) were introduced to predict carbon emissions. The recent trends of
applying the scenario analysis methods on carbon emission prediction include the consideration of uncertainties and the
adoption of standardized methods (Niu et al., 2023). These developments enable scenario analysis to help governments,
businesses and international organizations to better understand the future trends of carbon emissions, so as to effectively
respond to climate change challenges and develop effective carbon emission policies and strategies.

Considering that the scenario analysis methods have some limitations in dealing with uncertainty and large-scale data,
the machine learning models were introduced to capture non-linear relations and deal with high-dimensional data. Some
common machine learning models include artificial neural networks and support vector machine. For example, the artificial
neural network (Du et al., 2022; Zhang et al., 2022) can effectively capture the complex nonlinear relationships in the data of
carbon emissions. the support vector machine (Xu et al., 2007) emphasis on finding optimal decision boundaries in high-
dimensional space makes it powerful for dealing with Galway data and nonlinear problems.

Despite the increasing attentions on carbon emission prediction, there are several challenges needed to be overcome:

(1) The econometrics models are mainly based on straightforward mathematical formulas to estimate the coefficients of
different factors, and then a regression analysis method is used to predict carbon emissions. Although models with simple
structures and algorithmic implementations fall short in accounting for potential cross-impacts among various carbon emission
factors. The weighting of coefficients usually fails to accurately capture the intricate relationships between variables, thereby
compromising the final prediction's accuracy.

(2) Comparing with econometrics models, the machine learning models have better performance in handling carbon

emission prediction. However, its modeling relies on manual features, and only considers the current time feature, which fails



179
180
181
182
183
184
185
186
187
188
189
190
191
192
193
194
195
196

197
198

199
200
201
202
203

204

205
206

to capture the time dependence coexisted in time series data. The carbon emission data, which is a time series dataset,
demonstrates robust interconnections between current and past data, displaying notable temporal correlation. Consequently,
it is unattainable to obtain a desired prediction result when the models are directly used to predict carbon emissions.

(3) With increasing prevalence of machine learning models and complex ensemble models, carbon emission prediction
has transcended the confines of traditional prediction models. While these models can offer superior prediction accuracy, the
'black box' nature is still a significant drawback and needs to be overcome. Moreover, as the increase of model complexity, it
is becoming a difficult target that there needs a clear explanation about the core modeling and inference processes of the
carbon emission prediction models.

3. Introduction to the EBRB Model and Hypothesis Description

This study adopts EBRB as the foundational model to address the challenges of time series forecasting in the field of
environmental science. Based on the theory of belief functions, the EBRB model effectively manages uncertainty, thereby
enhancing model stability and reliability. Furthermore, the EBRB model features a flexible rule-based reasoning mechanism,
enabling it to capture complex nonlinear relationships and data patterns, consequently improving prediction accuracy.
Additionally, the EBRB model exhibits strong adaptability, capable of flexibly handling multi-source data and adjusting the
model adaptively to suit different forecasting scenarios.

To effectively utilize the EBRB model for carbon peaking prediction, this section briefly reviews its rule representation,
rule generation, and rule inference processes, as shown in Fig. 1. Furthermore, the challenges of applying the EBRB model

to carbon peaking prediction are discussed.

Rule Generation Process (Section 3.1)

Belief distribution S(x;)= Belief distribution S(yx)=
{(Ai.j ,aki,j); j=1,..., Ji} {(Dn, p%); n=1,..., N}

\ \

¥ v

Individual matching Activation weight
degree S(xi, U;) Wy

Testing
data x

Rule Inference Process (Section 3.2)

Fig. 1 The basic process of EBRB model.
3.1 Rule representation and rule generation process for the EBRB model
In an EBRB model, the EBRB serves as the rule base consisting of I[F-THEN rules with belief distributions to save
qualitative knowledge and quantitative data. Assuming that there are M antecedent attributes U; (i=1,..., M) and one
consequent attribute D, where the reference value of the ith antecedent attribute is 4;; (/=1,..., J;) and the reference value of
the consequent attribute is D, (n=1,..., N), the kth (&=1,..., L) extended belief rule is denoted as follows:

R IIFU is{(A o ) j =L d 3 A AUy is{(Ay oy )i T =100y }

THEN D i “Yin= i W
is{(D,, );n=1....N}, with 6,,{5,,....0, }

where o, (0<¢;,<1) and B, (0=, <1) denote the belief degree associated with the reference values 4;; and D, in the kth

rule, and these parameters satisfy Zf:'la.“. <1 and 2:1 pr<1. If ZLﬁnk =1, then the kth rule has complete information;

L=



207
208
209
210
211
212
213
214
215
216
217
218

219

220
221
222
223
224

225

226

227

228

229

230

231

232

233
234
235
236
237

Otherwise, the kth rule contains uncertain information; Additionally, 8 (0<6,<:1) and J; (0<d;<1) denote the weights of the
kth rule and the ith antecedent attribute, respectively.

The generation of extended belief rules is a vital component of the EBRB model and it relies on expert knowledge to
initialize utility values u(4;,) for reference values 4;; (j=1,..., J), u(D») for reference values D, (n=1,..., N), and antecedent
attribute weights J; (i=1,..., M). The specific steps are as follows:

Step 1: To initialize utility values and attribute weights using expert knowledge. Before transforming the sample data
into extended belief rules, it need to pre-determine the basic parameters of the EBRB model using expert knowledge. These
parameters include utility value u(4;)) (=1,..., Ji), u(D») (n=1,..., N), and antecedent attribute weights J; (i=1,..., M).

Step 2: To calculate the belief distribution of attributes. In this step, utility values are employed to convert sample data
into belief distribution. Assuming that x; represents the input value of the ith (i=1,..., M) antecedent attribute in the kth

(k=1,..., L) data, the belief distribution of the antecedent attribute is represented as follows:
S(x)={(A et }); i =1...3.} 2
Kk U(A,jﬁl)_xk'

ai'j Zmand (Z:Hl =1—(Zilfj,if U(A])S Xk,i SU(A,]‘H) (3)

where «;; denotes the belief degree of input data xx; in reference value 4;;. Noting that ¢, is equal to 0 when r=1,..., Jiand 7=

7, j+1; Similarly, the belief distribution of consequent attributes can be obtained as:

S(¥)={(D,. A1)in=1...N} @
Step 3: To calculate rule weights. After transforming the sample data into belief distributions, the rules R, and Ry are

selected to calculate the similarity of rule antecedent (SRA) and the similarity of rule consequent (SRC) firstly:

Ji a . .
SRA(R,,R,) :1—m%{\/zj_l(ai,j —al))’ },a =1..,Lia=k (5)

SRC(R,,R,) :1—1/2;(@3 —B%a=1..La=k (6)

Next, the consistency of rules R, and Ry is calculated by

SRA(R,,R,)

(rerry Y
Cons(R, R, ) = exp( ( all 9 )
()2 (7
SRA(R,.R,)
Then, the inconsistency of the kth rule R, with other rules is calculated by
L
ID(R) = ZMM (1-Cons(R,,R,)) (8)
Finally, the weight of the kth rule Ry is calculated by
ID(R
0, =1- # ©9)
3. 0R)

3.2 Rule inference process for the EBRB model

The rule inference process of the EBRB model is based on the Evidential Reasoning (ER) algorithm and it consists of
calculating activation weights for all rules; integrating the belief distribution of all activated rules; and calculating final
prediction results from the integrated belief distribution. The corresponding steps are as follows:

Step 1: To calculate individual matching degrees. Assuming that the input data is x=(xi,...,x), the input data is first
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converted into a belief distribution according to Eq. (3):
S(Xi):{(A,j’ai,j);‘] :11"'1‘]i} (10)
Next, the Euclidean distance is used to calculate the individual matching degree of the ith antecedent attribute:

S (%,U) =1- 30 (@~ o) (11)

where a;; is the matching degree of x; belonging to 4;;, and a;; denotes the belief degree of the kth rule on the reference value
A;; of the ith antecedent attribute Us.
Step 2: To calculate activation weights. Based on the belief distribution S*(x;, U), the antecedent attribute weight J; and

rule weight 6x are used to calculate the activation weight of the kth rule:

M =
o1 s (x.up® _ :
Wk — kHl:l _ 15i 5I (12)

Z:Zlﬂl_[zlsk(xi,ui)ﬁ‘i max &,

Step 3: To integrate the activated rules using the ER algorithm. If the activation weight of a rule is greater than 0, it needs

to be integrated using the analytical ER algorithm below:

[T s +1-w 7 ) - T, @-w > A

(13)
ST 1w A - (N DT - w 3 AT w A
Finally, the inferential results of the EBRB model can be shown as follows:
f(x)={(D,, 4,);n=1...,N} (14)

3.3 Hypothesis toward carbon peaking prediction

To date, the EBRB model has shown significant achievements and also demonstrated superior performance in terms of
prediction accuracy and model interpretability comparing to traditional machine-learning algorithms on many domains, such
as pipeline leakage detection (Zhou et al., 2009), environmental management cost planning (Ye et al., 2020), and behavior
prediction (Zhang et al., 2024). However, the EBRB model is still rarely used for forecasting carbon peaking. Moreover, due
to the fact that forecasting carbon peaking involves diverse environmental indicators, the application of time series forecasting,
and the requirement of high prediction accuracy, the following hypothesis should be defined to clarify how the accurate carbon
peaking prediction is achieved by the EBRB model.

Hypothesis 1: The use of key environmental indicators could improve the performance of the EBRB model for carbon
emission prediction

Environmental indicators typically encompass diverse data dimensions, including economic factors, regional attributes,
and governance investments. Using all these environmental indicators as inputs of the EBRB model may lead to a decreased
computational efficiency due to data redundancy. Additionally, there exists the linear correlation among environmental
indicators, with the truly critical information typically residing in a small subset of these indicators. Hence, this study proposes
Hypothesis 1 and aims to verify Hypothesis 1 by extracting the most informative indicators from multidimensional data for
constructing the EBRB model.

Hypothesis 2: The combination of time series forecasting and the EBRB model could improve its performance for carbon
emission prediction

The carbon emission data displays distinctive temporal patterns, whereby the present values are influenced by both the

current data and past indicator data. Nonetheless, the inference process of the EBRB model fails to take into account the
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temporal relationships among the data. When the EBRB model is directly applied to predict carbon emission data, it may
disregard the temporal correlations within the data, thus impacting the model's predictive performance. Therefore, this study
proposes Hypothesis 2 and aims to verify Hypothesis 2 by embedding the time-associated parameters into the EBRB model
for carbon emission prediction.

Hypothesis 3: Optimizing time-associated parameters could improve the performance of the EBRB model for carbon
emission prediction

The EBRB model encompasses numerous parameters and their initial values have significant influence on prediction
accuracy. This is reason why parameter optimization are typically used to improve the performance of the EBRB model. The
time-associated parameters are the special parameters used to achieve the combination of the EBRB model and time series
forecasting, which means that none of existing parameter optimization methods is available to optimize time-associated
parameters for the EBRB model. Hence, this study proposes Hypothesis 3 and aims to verify Hypothesis 3 by optimizing the
time-associated parameters of the EBRB model for carbon emission prediction.

4. Carbon Peaking Prediction based on Data-Driven Rule-Base Model

To address the issues outlined in Section 3.3, this section first develops an improved EBRB model and its parameter
optimization method to achieve better time-series forecasting. Subsequently, a new carbon peaking prediction method is
proposed based on the improved EBRB model.

4.1 An improved EBRB model for time series forecasting

Time series data usually exhibits the characteristics of autocorrelation and mutual correlation, which means that a given
data is inherently linked to its historical data when the given data belongs to time series data(Koopmans, 2021). For the aim
of enhancing the accuracy of time series forecasting, the time-associated parameters are designed to improve traditional
machine learning algorithms by capturing and reflecting the hidden information of these characteristics, such as recurrent
neural networks (RNN) (Sherstinsky, 2020) and long short-term memory (LSTM) (Bukhari et al., 2020). From the view of
this point, this section proposes an improved EBRB model that contains the time-associated parameter entitled correlation
probability for time series forecasting, where the improved EBRB model is therefore referred to as TSF-EBRB model. Based
on the above description, the specific modeling steps for the TSF-EBRB model are shown below:

Step 1: To select key variables using time series data. Assuming that the time series data are collected from duration 7
and the data at time ¢ (¢=1,..., T) is the <x’=(x}; s=1,..., S), y*>, where x; denotes the value of the sth variable at time z. Thus,
the key variables of time series data can be selected by the following sub-steps:

Step 1.1: To generate standardized matrix from time series data. In this step, the decentralization operation is performed

on time series data {(x;; s=1,..., S); =1,..., T} to generate standardized matrix Z=(z})rxs below:

. -
ZT:XS_XS;S::L,.--,S;t:l!""T (15)

S

O-S
where X, denotes the mean of the sth variable; o, denotes the standard deviation of the sth variable.
Step 1.2: To generate correlation coefficient matrix from the standardized matrix. Based on the standardized matrix Z,

the correlation coefficient matrix R=(r;)sxs can be generated below:

)
f=— 327 (i, =1..9) (16)
on-1E !

where 7 (r;j = 1) denotes the correlation coefficient of the ith variable related to the jth variable.

Step 1.3: To calculate eigenvalues and eigenvectors from correlation coefficient matrix. From the correlation coefficient
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matrix R, S eigenvalues and S eigenvectors can be calculated by using singular value decomposition method, denoted as A={4;;
i=1,..., S} and v={vi=(vi .., vis); i=1,..., S}, respectively.

Step 1.4: To identify key variables from eigenvalues and eigenvectors. First, the order of the S eigenvalues and §
eigenvectors are sorted from biggest to smallest according to the eigenvalues, denoted as A1=1,="-=1s; Subsequently, the
number of key variables is determined by the cumulative contribution rate below:

>4
2k

where o denotes the minimum cumulative contribution rate based on prior knowledge, and M denotes the number of key

>0 (17)

variables that satisfy the minimum cumulative contribution rate. Afterward, the key variables are selected by considering the

corresponding eigenvectors associated with M key variables below:

I(v;)=argmax,_, {v, .};i=1...M (18)

where /(v;) denotes the index of the key variable selected from the ith eigenvectors; for the sake of convenient representation,
assuming that the time series data at time # (¢=1,..., T) related to the M key variables is denoted as <x'=(x}; i=1,..., M), y">.

Step 2: To construct TSF-EBRB. Firstly, the M key variables are used as antecedent attributes and the variable of ' as
consequent attribute to form the basic framework of EBRB; Secondly, according to expert knowledge, the utility values
{u(di); i=1,..., M; j=1,..., J;} of M antecedent attributes and the utility values {u(D,); n=1,..., N} of consequent attribute are
provided, where J; denotes the number of reference values at the ith antecedent attribute; NV denotes the number of consequents
at the consequent attribute; Thirdly, an EBRB can be constructed from 7 time series data {<x’, y>; t=1,..., T} based on the
rule generation process in Section 3.1; Finally, P time-associated parameters entitled correlation probability v, (p=1,..., P)
are designed to upgrade EBRB as TSF-EBRB, where v, denotes the probability of the current time series data related to the
time series data at previous pth moment.

Step 3: To generate prediction results by considering time-associated parameters. Assuming that the data needed to be
predicted is denoted as x™1=(x/"; i=1,..., M). Based on the TSF-EBRB constructed in Step 2, the corresponding prediction
result considering P correlation probabilities {v,; p=1,..., P} can be generated as follows:

Step 3.1: To calculate time-associated activation weights. Taking into account the influence of P correlation probabilities
on the rule activation process, the activation weight of the kth rule at the current moment should be calculated by the activation

weights at the previous P moments below:

Pop
o1 VeV (19)

0y =

where w; denotes the activation weights of the kth rule at the previous pth moment; g; denotes the time-associated activation

weight of the kth rule. The process of calculating gi is shown in Fig. 2.
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Step 3.2: To calculate time-associated belief degrees. Firstly, all rules with time association activation weights greater
than 0 are regarded as activated rules. Without loss of generality, assume that there are L activated rules, the time-associated
belief degrees can be calculated by using the analytical ER algorithm:

,3 _ H:::l(gkﬂr:( +1_gkziN:1ﬂik)_H::1(l_ gkz:\;ﬂik) (20)
" Zitln:::l(gkﬂ: +1_gk2i’11'8ik)_ Nthl(l_ngiN:lﬁik)

where f, (n=1,..., N) denotes the time-associated belief degree of the nth consequent.

Step 3.3: To calculate time-associated prediction results. Based on the utility value of N consequents {u(D,); n=1,..., N},

the time-associated prediction result generated by the TSF-EBRB model can be obtained below:
N
f(x")=). u(D,)s, @1

4.2 A parameter optimization method for TSF-EBRB model

As with the existing rule-base models, such as EBRB model (Yang et al., 2019), belief rule-base (BRB) model(Jian-Bo
et al., 2006), and fuzzy rule base (FRB) model(Chen & Linkens, 2004), the performance of the TSF-EBRB model has to
depend on the value of basic parameters. However, all these basic parameters usually cannot be predetermined by expert
knowledge because it may be really difficult to accurately determine the basic parameters subjectively, particularly, for a
complicated time series forecasting problem. For this reason, it is more than necessary that the basic parameters should be
determined by a data-driven approach and thus a parameter optimization method is proposed to optimize the basic parameters
of the TSF-EBRB model.

The dynamic change of time series must be taken into account when optimizing the parameters of time series. An
effective way to deal with this problem is to assume that time series data grow or decrease at a constant rate. Thus, a fixed
percentage growth and decline rate can be set based on the rate of change in current data and then estimate the upper and
lower limits of future data based on the trend of historical data. By using this method, the time series data dynamics can be
better captured , ensuring that the model is more robust and can adapt to future data trends.

According to the introduction of the TSF-EBRB model in Section 4.1, its basic parameters include utility values {u(4;,);
i=1,...,M;j=1,...,Ji} for M antecedent attributes, utility values {u(D,); n=1,..., N} for consequent attribute, attribute weights
{01 i=1,..., M} for M antecedent attributes, and P correlation probabilities {v,; p=1,..., P}. Firstly, the following constraints
are given:

11
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(1) The utility values of antecedent attributes, which must satisfy the increasing relationship between adjacent utility

values in the same antecedent attribute. The specific constraints are as follows:

U(A ) <u(A;,)i=L.,M;j=1..J,-1 (22)
u(A ) =min{min,, {X},x @+4)";i=1...M (23)
u(A ;) =max{max,_, {x}x 1+4)"}i=1..M (24)

where x| denote the data of the ith key variable at time #; T denotes the value of duration to collect time series data. A; and 4,
denote the negative and positive growth rate of the ith key variable; H denotes the number of future times. Here, it is worth
noting that the negative and positive growth rate can be obtained from the historical data.

(2) The utility values of the consequent attribute, which must satisfy the increasing relationship between adjacent utility

values. The specific constraints are as follows:

U(Dn)SU(Dml);n:l’"'!N_1 (25)
u(D) =min{min_, {y}y" @+A)"} (26)
U(DN) = max{maxt:l T{yt}l yT (1+ A+)H} (27)

where )’ denote the data of the variable at time #; T denotes the value of duration to collect time series data. 4" and 4" denote
the negative and positive growth rate; H denotes the number of future times.
(3) The attribute weights of antecedent attributes, which must lie in the interval 0 to 1 below:
0<6,<%i=1..,M (28)
(4) The correlation probabilities, which must lie in the interval 0 to 1 and the sum of all correlation probabilities equals

1. The specific constraints are as follows:

O<v,<}p=1..P (29)

> v, =1 (30)

Based on the above constraints, the objective function should be further defined to provide a parameter optimization
model. Assuming that there are T time series data {<x/, y">; =1,..., T}, the objective function is therefore expressed below

when the mean absolute error (MAE) is used as the evaluation criterion:
. 1l
min MAE{u(A ;).u(D,).6,,v,} = $Z:1| f(x)-y'l €1))

where f{x) is the time-associated prediction result of the TSF-EBRB model to reply time series data x%; y is the actual result
of time series data x".

Remark 1: For the above-mentioned parameter optimization model, which only provides a mathematical model to show
how to obtain the optimal value of the basic parameters used to construct TSF-EBRB model, the corresponding parameter
optimization algorithms should be further introduced to finally optimize the basic parameters of TSF-EBRB model. From the
previous studies on optimizing rule-base models (Chang et al., 2018; Jiao et al., 2020; Ren & Long, 2021), the optimization
toolbox in MATLAB and swarm intelligence algorithms are available to achieve the goal of parameter optimization for the
TSF-EBRB model.

4.3 Carbon peaking prediction method based on TSF-EBRB model
From Sections 4.1 and 4.2, an improved EBRB model, namely the TSF-EBRB model, and the corresponding parameter

optimization method were introduced to handle time series forecasting problems. As one of time series forecasting problems,
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this section aims to propose a novel carbon peaking prediction method based on the TSF-EBRB model. The fundamental

framework is illustrated in Fig. 3.

Historical carbon emission data
{<X'=(xs; 5=1,..., S), y>; t=1,..., T}

To select key variables To construct TSF-EBRB

TSF-EBRB
{Rc (u(Aij), u(Dy), Vp, 61); k=1

To optimize TSF-EBRB To predict carbon peaking

Environmental indicator future data
{<"=(x"s; i=1,..., M); h=1,..., H}

Fig.3 Carbon peaking prediction method based on TSF-EBRB model

From Fig. 3, the specific steps of the carbon peaking prediction method proposed are as follows:

Step 1: To construct TSF-EBRB model using historical carbon emission data. Assuming that the carbon emission is
related to S environmental indicators and their data are collected from 7 years. Thus, the carbon emission-related data at the
tth (t=1,..., T) year are denoted as <x'=(x.; s=1,..., S), y>, where x; denotes the data of the sth environmental indicator at the
tth year, y' denotes the data of carbon emission at the sth year. According to the construction steps detailed in Section 4.1, a
TSF-EBRB model with initial basic parameters can be constructed from historical emission data.

Step 2: To optimize TSF-EBRB model using the parameter optimization method. Assuming that the M key environmental
indicators are selected from S environmental indicators and the corresponding carbon emission-related data for 7 years are
denoted as {<x’=(x;; i= 1,..., M), y*>; =1,..., T}. According to the objective function and constraints detailed in Section 4.2,
the basic parameters of the TSF-EBRB model can be optimized to enhance the prediction accuracy of the TSF-EBRB model
when handling carbon peaking prediction problem.

Step 3: When employing the TSF-EBRB model for carbon peaking prediction, the assumption is made that the data for
M key environmental indicators for the subsequent H years is represented as {x"=(x'; i=1,..., M); h=1,..., H}. Based on an
analysis of policy information and relevant data, the average annual growth rates of all indicators for the forthcoming H years
are estimated, with the carbon emission data from the last year serving as the baseline for calculating the projected values x"
for each A-th year. Following the EBRB generation steps outlined in Section 3.1, the {x"=(x!; i=1,..., M); h=1,..., H} dataset,
along with the optimized optimal parameters, is employed to generate input data for the TSF-EBRB model. This input data is
then combined with the enhanced inference steps detailed in Section 4.1 to produce time-correlated carbon emission data for
the subsequent H years, denoted as {f{x"); h=1,..., H}.. It's imperative to note that if these H carbon emission data points
exhibit a decrease followed by an increase, it indicates that carbon peaking has been achieved.

Remark 2: Compared with the traditional EBRB model in Section 3, the TSF-EBRB model not only has an improved
parameter optimization model to obtain the optimal basic parameters in the modeling process but also introduces the time-
associated parameters that aim to take into account the characteristics of autocorrelation and mutual correlation in carbon

peaking prediction, so as to greatly improve the performance of the proposed carbon peaking prediction method.
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5. Empirical Analysis

To verify the validity of the proposed carbon peaking prediction method, the carbon emission data of 30 Chinese
provinces, except for Tibet, Hong Kong, Macao, and Taiwan which is missing data, are used to conduct empirical analysis.
5.1 Data description and method setup

In the empirical analysis, the carbon emission and environmental data are collected from the China Statistical Yearbook
and the China Environmental Statistics Yearbook, which are the most comprehensive and authoritative data sources and
authoritative data sources are organized by the National Bureau of Statistics to publish Chinese statistical data each year.
Based on the two data sources and the existing studies (Pan er al., 2022; Hao et al.,2022; Liu et al., 2022) the dataset with
fourteen indicators is used in this study, namely the carbon emission is related to thirteen environmental indicators. Table 1
provides a description of these indicators and Table 2 shows the statistical analysis of these indicators in the terms of four
major economic regions, namely, Eastern, Central, Western, and Northeastern regions, where the Eastern region includes
Beijing, Tianjin, Hebei, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan; the Central region includes
Shaanxi, Anhui, Jiangxi, Henan, Hubei, and Hunan; the Western region includes Inner Mongolia, Guangxi, Chongqing,
Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, and Xinjiang; and the Northeastern region includes
Liaoning, Jilin, and Heilongjiang.

Table 1 Statistical analysis of input and output indicators.

Indicator type Specific interpretation Abbr.
Input indicator Gross Domestic Product GDP
Input indicator Rate of forest cover RFC
Input indicator Afforestation area AA
Input indicator Area Forestry land AFL
Input indicator Avrea of planted forests APF
Input indicator Completion of Investment in industrial Pollution Control IPC
Input indicator Completion of Air Pollution control Project Investment APC
Input indicator Local Environmental Spending LEP
Input indicator Number of industrial enterprises above designated size NIE
Input indicator Resident population at year-end RP
Input indicator Electricity consumption EC
Input indicator Urban natural gas supply TUA
Input indicator Coal consumption cC
Output indicator Carbon emission CE

Table 2 Statistical analysis of indicators in the four major economic regions

Eastern China

Central China Western China

Northeast China

Abbr. - - - -
Min Min Max Min Max Min Max

GDP 802.70 2942.40 58887.40 443.70 53850.80 2455.20 27584.10
RFC 8.20 14.10 61.20 4.00 55.00 35.10 43.80
AA 0.71 3.40 861.90 5.38 713.50 19.90 246.77
AFL 7.46 439.40 4499.17 179.03 2599.44 1297.58 2453.77
APF 5.97 102.74 733.53 4.44 507.68 148.94 315.32
IPC 476.00 25678.00 941275.00 2612.00 466884.00 8063.00 520470.00
APC 140.00 8072.00 708403.00 1677.00 321029.00 3513.00 326098.00
LEP 1.21 11.21 358.70 7.16 267.01 14.04 220.27
NIE 335.00 2275.00 23679.00 386.00 16453.00 2774.00 23832.00
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RP 818.00 12684.00 2393.00 9941.00 539.00 8372.00 2375.00 4379.00

EC 68.66 7867.00 389.20 3957.00 199.64 3460.00 378.23 2576.00
TUA 0.01 288.06 0.01 109.34 0.01 254.38 1.69 75.01

CcC 106.70 43132.99 3366.71 113548.72 680.05 29848.06 5715.02 18710.78

CE 17.27 1094.20 93.93 2021.90 19.38 594.93 117.22 517.35

From Table 2, it can be found that the eastern region boasts a significant economic size, with its GDP ranging from 802.7
billion to 124369.7 billion, indicating its substantial economic strength and notable disparities. Following the eastern region,
the central region ranks second in economic scale, reaching up to 58887.4 billion. Conversely, the western and northeastern
regions exhibit relatively lower economic output, possibly reflecting their comparatively lagging economic development and
weaker infrastructure. These disparities not only underscore the uneven economic development among regions but also
provide crucial insights for in-depth analysis of regional development status and formulation of corresponding policies. The
graph highlights that the central region possesses the widest range of afforestation and forest land areas, with afforestation
reaching up to 861.90 million hectares and forest land ranging from 439.40 to 4499.17 million hectares. The maximum
afforestation area even surpasses that of the eastern and northeastern regions, indicating more comprehensive policies and

measures in forestry resource utilization and protection in this region.
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Fig.4 Average metrics across four major regions
Given the significant disparities in the average values of indicators among the four major economic regions, this paper
utilizes a stacked percentage bar chart to present the average values of indicators for each region, as shown in Figure 4.
Through the analysis of various indicators across the four major economic regions, significant differences are evident. The
Eastern region stands out with its highly developed economy and relatively high forest coverage, boasting a notably higher
GDP (30806.41 billion yuan) and RFC (34.76%) compared to other regions. Additionally, the Eastern region's investment in
IPC and APC far exceeds that of other regions, reflecting substantial efforts in environmental protection. Central China excels
in AA (227.61 million hectares) and RFC (35.45%). However, despite its abundant resources, the Western region exhibits a
relatively lower GDP (11084.48 billion yuan) and RFC (29.62%). The Northeast region, characterized by a lower number of
industrial enterprises and total GDP, consequently displays a relatively lower CE . Overall, these data underscore the diverse
developmental characteristics of each region, spanning economic, environmental, and industrial structural aspects.
For the construction of TSF-EBRB models using the indicators shown in Table 1, it should be noted that using all these

indicators directly as antecedent attributes may lead to a low computing efficiency in the process of transforming data into
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rules. Moreover, there are different correlation levels among these indicators, suggesting that these indicators possess a certain
degree of interchangeability. Therefore, it is imperative to conduct a selection process to identify key indicators in the unit of
provinces, because a total of 30 TSF-EBRB models should be constructed independently for the 30 provinces.

For the optimization of the TSF-EBRB models according to Section 4.2, the negative and positive growth rate of the
selected key variable should be calculated firstly. This is because time series data usually show consistent fluctuations
throughout time, including periodic increments, decrements, or unpredictable fluctuations. The GDP data shown in Fig. 5
exemplifies a discernible rising trajectory over several years. However, traditional EBRB models typically rely on historical
data for each indicator to calculate utility values. The magnitude of these utility values partially determines the potential range
of forecast outcomes. When historical data are directly used as references to establish utility values, the predicted values will
be constrained by historical data thresholds. This approach fails to capture the evolving trend of data changes over time,
potentially leading to prediction biases. Additionally, considering the developmental disparities among different provinces,
this study calculates the historical rate of change based on historical indicator data for each province after aggregating key
indicators at the provincial level. If an indicator shows a growth trend, the maximum growth rate is selected as the fixed rate
of change to estimate the upper limit of future data, and vice versa.
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Fig. 5 GDP of China (2003-2021)

Additionally, the other basic settings are defined as follows: 1) the cumulative contribution rate of determining number
of key environmental indicators is 6=95%; 2) the number of reference values for antecedent attributes is J=5 and the number
of consequents for consequent attribute is N=3; 3) the attribute weight of all antecedent attributes is 6,=0.6; 4) the number of
correlation probabilities is P=2; 5) the carbon emission-related data from 2004 to 2018 are used as training dataset and the
data from 2019 to 2021 as testing dataset; 6) the parameter optimization is performed by using Fmincon function in MATLAB
toolbox with 300 iterations.

5.2 Carbon emission prediction based on the TSF-EBRB model

In this section, the TSF-EBRB model is used to predict carbon emissions of 30 provinces in China. Due to the fact that
each provinces has different characteristics in carbon emissions, it is necessary to independently construct TSF-EBRB model
for each province. In the aim of exemplifying the construction of TSF-EBRB model, the carbon emission prediction in Beijing
is used as example to show each step detailed in Section 4.

Firstly, key environmental indicators are selected by utilizing carbon emission data from 2004 to 2018. Following the
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498  Step 1 in Section 4.1, the data of all environmental indicators should be used to generate standardized matrix, correlation
499  coefficient matrix, eigenvalues and eigenvectors, so that the key environmental indicators can be identified by using the

500  cumulative contribution rate and eigenvectors, where the corresponding results are shown in Table 3 and Table 4.

501 Table 3 Cumulative contribution ratio of Beijing.
No Eigenvalue Contribution rate Cumulative contribution rate
1 9.3673 0.7206 0.7206
2 2.1999 0.1692 0.8898
3 0.7309 0.0562 0.9460
4 0.2776 0.0214 0.9674
5 0.1726 0.0133 0.9806
6 0.1263 0.0097 0.9904
7 0.0750 0.0058 0.9961
8 0.0333 0.0026 0.9987
9 0.0081 0.0006 0.9993
10 0.0067 0.0005 0.9998
11 0.0020 0.0002 1.0000
12 0.0004 0.0000 1.0000
13 0.0000 0.0000 1.0000

502 Table 4 Eigenvectors of key indicators in Beijing.

Indicator name Eigenvector 1 Eigenvector 2 Eigenvector 3 Eigenvector 4
GDP 0.3174 -0.0971 -0.0735 -0.1142
RFC 0.3172 0.0517 -0.1688 0.0267
AA 0.1834 -0.2332 0.8551 -0.2649
AFL 0.3005 0.1608 -0.2137 -0.3376
APF 0.3134 0.1018 -0.1912 -0.1381
IPA 0.0172 0.6415 0.2712 -0.0377
APC -0.0242 0.6531 0.1011 0.1549
LEP 0.3045 0.1991 0.0959 0.0142
NIE -0.2955 0.0534 -0.2222 -0.4731

RP 0.2989 -0.0883 0.0019 0.6425
EC 0.3170 -0.0934 -0.0719 0.0949
NGS 0.3218 -0.0095 -0.0666 -0.1325
CcC -0.3197 0.0126 0.0289 0.3069
503 From Table 3, it reveals that the number of key environmental indicators is 4 because the cumulative contribution rate

504  regarding the 4th and the 5th eigenvalues is 94.60% and 96.74%, respectively, where the former one is smaller than 95% and
505 the latter one is greater than 95%. Furthermore, from Table 3, the specific environmental indicators can be identified by using
506  the corresponding eigenvectors, which are AA, APC, RP, and NGS, because their value is the maximum one comparing to

507  other values in the same eigenvector. The detailed descriptions of these indicators are provided in Table 5.

508 Table 5 Selected input indicators of Beijing
Indicator NGS APC AA RP CE
Min 27.02 1832 12.2 1493 85
Max 191.6 94599 45.81 2195 103
Average 108.16 44938.72 25.16 1979.78 94.91
standard deviation 60.39 33498.45 10.88 255.27 5.57
509 Secondly, the identified key indicators are employed as antecedent attributes and the carbon emissions as consequent

510 attribute to construct TSF-EBRB model. Based on the parameter setting given in Section 5.1, the initial and trained values of
511  basic parameters are provided in Table 6 and Table 7, respectively. This establishes the framework for the optimization process,

512  taking into account the constraints and objective functions elucidated in Section 4.2. Following many rounds of training, the
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513  parameters of the TSF-EBRB model have been optimized, resulting in the identification of the best parameter values as shown
514  in Table 7. The impacts of this optimization initiative are shown in Table 8. By comparing the initial parameters with the
515  optimized parameters, it can be observed that most of the parameters have been improved. This indicates that the optimization
516  process has successfully enhanced the model's performance.
517 Table 6 Initial basic parameters of TSF-EBRB model for Beijing
Indicator Utility value Indicator weights Probability
Indicator type
name u(vL) u(L) u(M) u(H) u(vH) 0i Vp
NGS 27.02 99.25 171.49 243.72 330.24 0.6 0.37
Input Indicator APC 2731.00 25697.87  48664.91  71631.96  94599.00 0.6 0.63
AA 12.20 20.60 29.01 37.41 45.81 0.6 /
RP 666.30 3689.74 6712.95 9736.99 12760.16 0.6 /
output indicator CE / 75.22 89.97 104.71 / / /
518 Table 7 Trained basic parameters of TSF-EBRB model for Beijing
Indicator Utility value Indicator weights Probability
Indicator type
name u(vL) u(L) u(Mm) u(H) u(VH) Oi Vp
NGS 27.02 106.92 181.22 261.04 338.99 0.9725 0.8189
Input Indicator APC 2731.00 25023.74  48216.90  71407.69  94599.00. 0.2647 0.1811
AA 12.2 20.39 29.98 40.33 45.81 0.9725 /
RP 666.30 3689.74 6712.95 9736.99 12760.16 0.9570 /
output indicator CE / 75.22 86.68 104.71 / / /
519 Then, the optimized optimal parameters are used as input data to re-generate the TSF-EBRB model, which combined
520  with the inference step to predict the carbon emission data of Beijing from 2019 to 2021. The mean absolute error (MAE) is
521  calculated by comparing the inference output with the actual output, and the comparison results before and after parameter
522  optimization are shown in Table 8. As can be seen from Table 8, the accuracy is greatly improved after parameter optimization.
523 Table 8 Comparison of parameter optimization in Beijing from 2019-2021.
Year MAE before optimization MAE after optimization Improvement
2019 1.4717 0.4412 70.02%
2020 15.3207 9.0538 40.90%
2021 15.5408 13.4120 13.70%
524 Considering the different economic conditions and energy consumption of each province, key indicators are identified
525  for each province through the same indicator screening process, and the relevant results are shown in Table 9.
526 Table 9 Key input indicators for 30 provinces in China
Provinces Key environmental indicator Provinces Key environmental indicators
Beijing {NGS, APC, AA, RP} Henan {GDP, CC, AA, NGS}
Tianjin {GDP, IPC, CC, NIE, NGS} Hubei {EC, APC, CC, IPC}
Hebei {GDP, APC, CC, NGS} Hunan {EC, IPC, CC, RP}
Shanxi {GDP, IPC, NIE, AA} Guangdong {RP, IPC, NIE, CC}
Inner Mongolia {GDP, RP, APC, AA} Guangxi {GDP, IPC, RP, NGS, NIE}
Liaoning {EC, NIE, APC, AA, IPC} Hainan {NGS, AA}
Jilin {GDP, CC, IPC, AA} Chongging {EC, IPC, CC, NGS}
Heilongjiang {NIE, IPC, AFL, GDP} Sichuan {GDP, CC, AA, NIE, NGS}
Shanghai {GDP, AA, APC, NIE} Guizhou {EC, IPC, NGS, RP}
Jiangsu {NGS, EC, NIE} Yunnan {EC, CC, APC, NGS}
Zhejiang {NGS, RP, NIE} Shaanxi {IPC, AA, GDP}
Anhui {AA, RP, IPC} Gansu {GDP, IPC, NIE, RFC, APC}
Fujian {EC, APC, AFL, NIE, CC} Qinghai {AFL, APC, NGS, NIE}
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Jiangxi {AA, IPC} Ningxia {RP, IPC, AFL, AA}
Shandong {EC, AFL, AA} Xinjiang {CC, AFL, AA}

To assess the efficacy of the TSF-EBRB model, four different types of models are selected for error comparison,
including the GM(1,1) model, the ARIMA model, the standard EBRB model, and SVM model. Carbon emissions forecasts
for each province were made for the years 2017 to 2019 using data from 2004 to 2016. The predictions generated by the
diverse models were compared against the actual values to gauge their reliability. Fig. 6 displays the mean absolute errors

associated with the different algorithms.
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Fig.6 Comparison of MAE of different models between 2017-2019.

Fig. 6 reveals that the TSF-EBRB model exhibits superior overall prediction accuracy compared to the other models. It
is worth mentioning that the conventional EBRB model has a lower accuracy than the TSF-EBRB model. This is because the
conventional EBRB model fails to take into account specific parameters for temporal data correlation. Conversely, GM(1,1)
and ARIMA models are particularly suitable for datasets with few observations and demonstrate their efficacy in making
predictions for shorter and intermediate periods. However, these models encounter difficulties in handling nonlinear data,
leading to relatively greater prediction errors compared to the TSF-EBRB model. The SVM performs exceptionally well in
some provinces. Nevertheless, its relatively high MAE may be attributed to its higher model complexity. In summary, the
TSF-EBRB model outperforms other carbon emission prediction models in terms of overall accuracy. The lower MAE,
stability, consideration of time series data, and enhanced business interpretability make it the preferred choice for achieving
more precise predictions of carbon emissions across various provinces.

To validate the three hypotheses, three control model experimental plans were devised. Firstly, in the experiment for
Hypothesis 1, the same data and parameter settings as the TSF-EBRB model will be employed, but without the screening of
key indicators, to evaluate the model performance without the screening of key indicators. The control model for this
experiment is named NO-PCA-EBRB. Secondly, in the experiment for Hypothesis 2, a control model named NO-TIME-
EBRB will be set up. The basic process remains the same as the TSF-EBRB model, but without considering temporal
correlation, i.e., excluding time series analysis from the model. Finally, in the experiment for Hypothesis 3, a control model
named NO-OPTI-EBRB will be established. Parameter optimization will not be conducted for this model, while other
parameters remain unchanged from the modeling process. The predictive performance of the model without parameter

optimization will be evaluated. Subsequently, the Mean Absolute Error (MAE) and other metrics will be used to assess the
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prediction errors of the TSF-EBRB model and the control models for the years 2017-2019, as illustrated in Fig. 7. Through

the above experimental procedures, the three hypotheses proposed in Section 3.3 can be validated:
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Fig.7 Comparison of MAE between control model and TSF-EBRB model

Firstly, the Hypothesis 1 is validated by the fact that the accuracy of the TSF-EBRB model is improved after selecting
key environmental indicators, where the key indicators for 30 provinces can be found in Table 9 and the comparison of TSF-
EBRB model and the conventional EBRB model is shown in Fig. 6.

To verify this hypothesis, key environmental indicators were initially selected from carbon emission data spanning from
2004 to 2019. Utilizing methods such as correlation analysis and principal component analysis, environmental indicators
closely associated with carbon emissions were identified, forming the basis for constructing the TSF-EBRB model. The model
was trained on the available dataset, allowing it to learn the relationships between environmental indicators and carbon
emissions. Subsequently, the predictive performance of the TSF-EBRB model was evaluated by forecasting with the testing
dataset and calculating the MAE. Furthermore, comparison with the NO-PCA-EBRB that did not involve the selection of key
environmental indicators revealed a significant enhancement in prediction accuracy when using the TSF-EBRB model with
consideration of these indicators. This finding further supports the validity of Hypothesis 1, indicating the notable advantage
of the TSF-EBRB model in carbon emission prediction. Consequently, it can provide more precise reference points for
relevant decision-making processes.

Hypothesis 2: To validate this hypothesis, the TSF-EBRB model was constructed by integrating time series forecasting
techniques with the EBRB model. Time series forecasting considers the correlation between current data and historical data
by adding parameters to connect them, enabling the model to better capture the temporal relationships between data points.
In the experiment, the EBRB model without considering time correlations served as the control model and was compared
with the TSF-EBRB model. By calculating evaluation metrics such as MAE, the predictive performance of the TSF-EBRB
model was compared with NO-TIME-EBRB. This comparative analysis further confirmed the superior predictive
performance of the TSF-EBRB model in carbon emission prediction, thereby validating Hypothesis 2.

Hypothesis 3: The study employed FMINCON function to optimize the time-related parameters. Initially, the parameters
requiring optimization were used as inputs to generate model prediction errors, aiming to minimize these errors as the
optimization objective. Subsequently, the FMINCON function was invoked to optimize the parameters under specified

constraints, seeking the parameter values that minimize the objective function. Upon completion of parameter optimization,
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the TSF-EBRB model was updated with the optimized parameter values. Following this, the EBRB model without time-
related parameter optimization served as the control model. By comparing the predictive performance of the optimized model
and NO-OPTI-EBRB on the testing dataset, the effectiveness of the Hypothesis 3 was further validated.

In the resistance test of TSF-EBRB model, this paper adopts several methods to evaluate its robustness. Firstly, the model
is tested by adding random noise and interfering input data. The random noise is used to simulate the uncertainty and noise
interference of real data, and the interference input data is used to evaluate the response of the model to the change of input
data and interference. Targeted attack methods are also employed, such as inserting fake data and deleting important
information, to simulate the robustness of the model in the face of malicious attacks. The MAE of different antagonism
samples was calculated using the data from Beijing 2019-2021. It can effectively deal with additional noise, interference input
and specific attacks, and maintain stable predictive performance. This shows that TSF-EBRB model has good generalization

ability and robustness, and is suitable for carbon emission prediction in complex environment.

Table 10 Comparison of Mean Absolute Error (MAE) under different methods of adversarial training

Add noise Interference input TSF-EBRB

8.99085854 9.46836667 7.51902

5.3 Carbon peaking prediction based on the TSF-EBRB model

In this section, the carbon peaking of 30 Chinese provinces is predicted based on the TSF-EBRB model under baseline,
low-carbon, and technology development scenarios. The purpose of these scenarios is to predict the maximum levels of carbon
emissions in the provinces of China during the period of 2022 to 2030.

5.3.1 Process of carbon peaking prediction under the three scenarios

In order to apply the TSF-EBRB model to carbon peaking prediction, the baseline scenario, low-carbon scenario and
technology development scenarios are designed, as described below:

(1) The baseline scenario, commonly used as a reference scenario, represents the current development path or trends. In
this scenario, various factors continue to evolve at their current growth rates and trends. Key environmental indicators follow
their current developmental trends without the implementation of additional policies or intervention measures to alter these
trends. Therefore, it serves as a baseline for assessing the impacts of other scenarios since it does not account for additional
low-carbon or technological development measures.

(2) The low-carbon scenario is an environment friendly scenario aimed at reducing carbon emissions and mitigating the
impacts of climate change. In this scenario, various policies, technologies, and practices are adopted to reduce carbon
emissions, enhance energy efficiency, utilize clean energy sources, and implement other measures to decrease the carbon
footprint. To better simulate the low-carbon scenario, the average values of various indicators in the current data are used as
baseline values. The preset rates of indicator growth under different policies are used as the indicator growth rates.

(3) The technology development scenario emphasizes technological innovation and rapid progress to enhance
productivity, economic growth, and societal well-being. In this scenario, various new technologies and innovations are widely
adopted, leading to increased productivity and improved resource utilization efficiency. In general, the technology
development scenario is typically considered as an advanced evolution of the low-carbon scenario, where all indicator growth
rates are higher than those in the low-carbon scenario.

To observe the carbon emission peak of each province before 2030, this study predicts the carbon emissions of 30
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617  provinces from 2022 to 2035. Firstly, historical data from 2004 to 2021 is used, with the period from 2022 to 2035 designated
618  as the forecast period. After setting the forecast period, the study divides it into two equal-length intervals based on current
619  sustainable development policies and economic growth conditions: 2022-2028 and 2029-2035. Additionally, the study
620  analyzes current policies to determine the growth rates of various indicators under different scenarios. It is assumed that the
621  growth rate of each indicator in the later period is lower than that in the former period, reflecting the reality of sustainable
622  development policies and economic growth slowdown. Subsequently, using 2021 data as a baseline, it is assumed that all
623  indicators grow or decline at the set rates during the forecast period. Furthermore, trained optimal parameters are utilized as
624  inputs to predict carbon emissions using the TSF-EBRB model. Through this scenario prediction method, the study obtains

625  carbon emission forecasts under different scenarios, enabling analysis and evaluation of carbon emission peaks.

626 Table 11 Growth rate of thirteen environmental indicators under different scenarios.
) Baseline scenario Low-carbon scenario Technological development scenario
Indicators 2022-2028 2029-2035 2022-2028 2029-2035 2022-2028 2029-2035
GDP 0.0650 0.0600 0.0600 0.0550 0.0550 0.0500
RFC 0.0070 0.0065 0.0078 0.0075 0.0080 0.0075
AA 0.0129 0.0122 0.0135 0.0126 0.0138 0.0131
AFL 0.0180 0.0130 0.0200 0.0150 0.0230 0.0180
APF 0.1243 0.1240 0.1241 0.1238 0.1243 0.1240
IPC 0.0345 0.0340 0.0350 0.0345 0.0350 0.0345
APC 0.0313 0.0263 0.0357 0.0307 0.0377 0.0357
LEP 0.0880 0.0850 0.0910 0.0880 0.0920 0.0890
NIE 0.0800 0.0355 0.1200 0.0700 0.1350 0.0750
RP 0.0025 0.0021 0.0021 0.0018 0.0027 0.0022
EC 0.0263 0.0213 0.0310 0.0260 0.0325 0.0275
TUA 0.0396 0.0346 0.0476 0.0426 0.0482 0.0432
cc 0.0001 -0.0031 -0.0282 -0.0252 -0.0288 -0.0258
627 To calculate the year of carbon peaking under baseline scenario, the ARIMA model is employed to predict the future

628  values of carbon emission-related indicators. This enables the carbon emission prediction model to make prediction using the
629  future trends of the indicator data. In order to illustrate the year of carbon emission in the unit of economic regions, the 30

630  provinces are divided into Eastern, Central, Northeastern and Western regions, as detailed in Fig 8.
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Fig.8 Division of four major four economic regions

Due to the complexity of economy and industrial structure, relying solely on the division into four major economic
regions often fails to accurately capture the carbon emissions situation in each region. Additionally, the division into four
economic regions overlooks the influence of geographical factors such as climate, topography, and resource conditions on
carbon emissions. To address these limitations, the four major economic regions are further subdivided into six geographical
regions: Northeast, North, Northwest, East, South and Southwest, as shown in Fig. 9. This subdivision into six geographical
regions provides a more detailed and accurate basis for data analysis, facilitating a deeper understanding of carbon emissions
and mitigation potentials under different geographical environments. Furthermore, geographical region division enables more
effective resource allocation, promoting the implementation and effectiveness of carbon reduction efforts. It also aids in the
formulation of more precise carbon reduction policies and measures tailored to the specific needs and challenges of each
region. The refinement of geographical region division facilitates more efficient resource allocation and promotes the
implementation and effectiveness of carbon reduction efforts. Fig. 10 - 15 illustrate the carbon emissions of the four economic

regions and the six further economic regions.
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Fig.11 Carbon emissions under baseline scenario for six geographical regions

Taking into account the disparities between different regions, a combination chart is utilized to illustrate the carbon
emission forecast data of the six major geographical regions, as depicted in Fig. 11. In this chart, line plots are employed to
showcase the data for the Northern and Eastern regions, given their substantially higher carbon emission levels compared to
other regions. This choice aims to accentuate their elevated emission levels and respective trends. A declining trend in carbon
emissions across various regions of China over the next fourteen years can be observed. The Eastern region shows an overall
decrease in carbon emissions, albeit with a relatively small reduction rate of approximately 2.07%. This trend may reflect the
challenges faced by the region in terms of economic development pressure and industrial restructuring. In contrast, the Central
region exhibits the most significant reduction efforts, with carbon emissions decreasing from 472.41 to 420.52, representing
a reduction rate of about 11.00%. This outcome may be attributed to stricter environmental policies and technological
innovations driving emissions reductions. However, the Western and Northeastern regions demonstrate relatively smaller
reductions in carbon emissions, at approximately 4.45% and 0.07%, respectively. This could be related to the economic
structure and resource utilization methods in these regions.

According to the data presented in Fig. 12, the carbon emissions in the northern region exhibit a decreasing trend over
the years, decreasing from 553.98 to 484.97, representing a reduction of approximately 12.48%. Specifically, the data between
2023 and 2033 demonstrate relative stability, suggesting that the region may have reached its peak carbon emissions during
this period and maintained a stable reduction trend thereafter. In contrast, the carbon emissions in the northeast region
decreased slightly from 320.63 to 320.45, with a reduction of about 0.06%. Despite the small reduction, the overall trend still
shows a decline. The carbon emissions in the eastern region exhibit slight fluctuations but demonstrate an overall decreasing
trend, with a reduction rate of approximately 4.17%. This trend may reflect the effectiveness of emission reduction policies
and technological innovations in the region. Both the central and southwestern regions show a downward trend in carbon
emissions, although with considerable fluctuations. However, the overall reduction trend remains positive. It is worth noting
that the northwestern region experiences fluctuations in carbon emissions, with an overall increasing trend, indicating a growth

rate of approximately 5.47%. This underscores the challenges faced by the region in carbon emission reduction efforts.
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Fig. 12 Carbon emissions under low carbon scenario for four economic regions

Under the low-carbon scenario, predictions were conducted after parameter selection, and the results are displayed in
Fig. 12. In the low-carbon scenario, the carbon emissions in Eastern China exhibit an overall declining trend, decreasing from
422.45 in 2022 to 413.70 in 2035, with a reduction rate of approximately 1.89%. This indicates that despite a decrease, the
rate of decline in carbon emissions in the Eastern region is relatively slow under the low-carbon scenario. Similarly, Central
China shows a downward trend in carbon emissions over the years, resembling the trend in the baseline scenario. This suggests
that Central China can still maintain a significant reduction in carbon emissions under the low-carbon scenario. Furthermore,
both Western China and Northeast China experience an overall decrease in carbon emissions under the low-carbon scenario,
with reductions of approximately 5.55% and 0.55%, respectively. Although the reduction rates have improved compared to
the baseline scenario, the reduction rates in these regions remain relatively modest.

Under the low-carbon scenario, carbon emissions in different regions demonstrate a declining trend, albeit with varying
reduction rates. Central China stands out as the region with the most significant reduction effect, while the Eastern region
shows relatively weaker emission reduction effects. This highlights the necessity for strengthening emission reduction policies
and technological innovations across regions to better achieve carbon emission reduction goals under a low-carbon

development pathway.
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Fig.13 Carbon emissions under low carbon scenario for six geographical regions
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From Fig. 13, the fluctuation of carbon emissions in each geographica region is small, showing a slow upward trend. In
the context of the low-carbon scenario, North China has notably reduced its carbon emissions by 13.07%, indicating a
proactive response and significant efforts toward carbon reduction in this region. Northeast China's carbon emissions remain
relatively stable with minimal fluctuations. East China and the Central South Region have witnessed reductions in carbon
emissions by 2.90% and 1.05%, respectively, indicating some progress in their emission reduction efforts. Southwest China
shows a slight increase in carbon emissions, likely influenced by regional economic structures and policy factors. Conversely,
Northwest China has experienced a substantial reduction in carbon emissions by 9.94%, reflecting proactive measures and

effective policies implemented to address climate change in the region.
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Fig.14 Carbon emission under technology development scenario for four economic regions

Under the technology development scenario, the carbon emission forecasts for major economic regions exhibit complex
trends. The detailed results are presented in Fig.14. Eastern China is projected to continue reducing its carbon emissions in
the coming years, though the pace of reduction is relatively slower. However, with advancements in technology and innovation,
it is expected that the region's emission reduction efforts will gradually strengthen. Compared to the low-carbon scenario, the
reduction rate in Eastern China remains limited, with only a 2.35% decrease. In contrast, the central region shows a relatively
higher reduction rate of 11.06% under this scenario, possibly benefiting from increased technological innovation and industrial
transformation. Similarly, the western region demonstrates a reduction rate of 4.30%. Though lower than that in the low-
carbon scenario, it still shows a steady downward trend, likely due to the application of technology and innovation in energy
utilization and production processes. Conversely, the northeastern region exhibits minimal changes in carbon emissions, with
a reduction rate of only 0.07%, indicating the challenges and pressures the region faces in technological development.

However, more proactive carbon mitigation measures are required to achieve the carbon peak. Overall, the various
regions are making positive strides toward the carbon peak target, with the Central region showing a higher likelihood of
reaching it earlier. This trend underscores the potential of technological innovation and development in reducing carbon

emissions, but ongoing efforts are crucial to ensure the attainment of this goal in each region.
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Fig.15 Carbon emission under technology development scenario for six geographical regions

The overall emission reduction trends for the six geographica regions exhibit diverse trends, as illustrated in Fig. 15.
North China demonstrates a consistent decline in carbon emissions over the coming years, indicating significant reduction
efforts, with an overall decrease of 13.08% from 2022 to 2035. Conversely, Northeast China shows relatively stable carbon
emissions, reflecting potential sluggishness in technological advancement in this region. While East China showcases a
downward trend in carbon emissions year by year, the pace of reduction is comparatively slow, with a total decrease of 4.35%.
The carbon emissions in the Central and Southern regions exhibit substantial declines annually, with overall reductions of
7.10% and 13.08%, respectively, during the same period. Southwest China presents a marginal growth in carbon emissions,
likely influenced by regional economic structures and policies, albeit with minimal increments. The Northwest region
witnesses fluctuations in carbon emissions over the next few years, yet with an overall decrease of 6.24%. These trends
underscore the partial success of carbon emission reduction efforts across various regions under the scenario of technological
development, emphasizing the continued need for intensified technological innovation and emissions reduction policies to

further drive down carbon emissions.

5.3.2 Comparison of carbon peaking prediction under the three scenarios

This section aims to undertake a complete comparison and analysis of the carbon peaking scenarios in all 30 provinces
of China, considering diverse situations. The methodology involves inputting provincial indicator data into the TSF-EBRB
model for calculations, thereby determining the carbon peaking timing for each province under different scenarios. The results
of the peak carbon forecasts for all 30 provinces in China will be summarized in Table 12. Additionally, the peak attainment
ratios for each province under various scenarios will be depicted in Fig. 15, while Fig. 16 will visually display the carbon
emissions for each province under different scenarios from 2022 to 2030.

Tablel2 Peak time projections under different scenarios.

Peak Time Baseline Scenario Low Carbon Scenario Technology Development Scenario

Beijing, Shanxi, Fujian, Zhejiang, . L . L .
Beijing, Shanghai, Shaanxi, Fujian, Beijing, Shanghai, Shanxi, Fujian, Zhejiang,
Shandong, Shaanxi, Inner

o ) ) Zhejiang, Shandong, Shanxi, Inner Shandong, Shaanxi, Inner Mongolia,
2022-2030 Mongolia, Jiangsu, Jiangxi, o . L . . L . .
o ) ] Mongolia, Jiangsu, Jiangxi, Tianjin, Jiangsu, Jiangxi, Tianjin, Hainan, Hebei,
Tianjin, Hainan, Hebei, . R ) L )
Hainan, Hebei, Heilongjiang, Anhui, Heilongjiang, Anhui, Henan, Hunan,

Heilongjiang, Anhui, Henan,
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Fig.16 Peaking by province under different scenarios for the period 2022-2030.

The data presented in Table 12 highlights that the more economically developed regions along the eastern coast of China
are expected to achieve peak carbon emissions at an earlier stage, while some less developed provinces may not attain this
milestone before 2030. The majority of provinces are projected to reach peak carbon emissions during the 14th Five-Year
Plan period. From 2022 to 2030, it is anticipated that average annual carbon emissions will gradually decline after reaching
their peak, exhibiting an "inverted U-shape" pattern.

From Fig. 16, the number of provinces meeting the peak carbon emissions target is visually represented, revealing
substantial variations in progress among individual provinces in achieving peak carbon emissions across different scenarios.
In the baseline scenario, some provinces have already reached their peak carbon emissions under current policies and
economic conditions, while others have not, signifying the continuous growth of carbon emissions in certain regions. However,
in the low-carbon scenario, more provinces have achieved peak carbon emissions, demonstrating the positive impact of low-
carbon policies and measures on carbon reduction. Of particular note is the technology development scenario, in which the
highest number of provinces have reached peak carbon emissions, underscoring the significance of technological innovation
and development in carbon reduction. This comprehensive analysis underscores the interplay of policy, technology, and
economic factors in the context of carbon peaking, providing valuable insights for future carbon reduction decisions and a
more effective response to the challenges of climate change.

The above data emphasize the importance of policies and technologies and their impact on the Peak Carbon Goal in
different regions. Certain provinces may find it relatively easier to achieve peak carbon emissions due to factors such as
abundant renewable energy resources or a more advanced technological infrastructure. Conversely, other provinces may
require more substantial policy support and increased technological investments to ensure that those provinces are on track to

achieve peak carbon emissions by 2030. This highlights the need for tailored strategies and interventions that account for the
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unique characteristics and challenges faced by different regions in China's pursuit of carbon emissions reduction targets.
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Fig.17 Comparison of carbon emissions under different scenarios between 2022-2030.

The side-by-side comparison presented in Fig. 17 reveals significant disparities in carbon emissions under the three
different scenarios, along with variations in the timing of peak emissions. Notably, the baseline scenario exhibits higher carbon
emissions compared to the other two scenarios, underscoring the efficacy of current energy conservation and emission
reduction policies. In contrast, the low-carbon scenario shows an earlier peak in carbon emissions, indicating a notable
reduction in emissions due to the anticipated impact of emission reduction measures.

The scenario of research and technological development shows a somewhat reduced level of carbon emissions compared
to the low-carbon scenario, but also reaching the peak earlier in time. This suggests that investments in science and technology
can contribute to reducing carbon emissions to a certain extent. Indeed, the variation in emission reduction effects across
regions underscores the need for customized strategies aligned with each region's unique development context. This approach
can ensure sustainable economic development while effectively curbing the growth of carbon emissions, ultimately working
toward the goal of achieving carbon peaking.

6. Conclusions

In this study, an improved EBRB model, known as the TSF-EBRB model, was introduced for time series data analysis.
This model was applied to predict the timing of carbon peaks across various Chinese provinces. The empirical analysis
encompassed data spanning from 2004 to 2021, covering 30 Chinese provinces. The research started by conducting a thorough
examination of the data, which was then followed by the assessment of the efficacy of the TSF-EBRB model. Predictions
were generated for the carbon peak in each province up to 2030, considering three distinct scenarios: the baseline scenario,
the low-carbon scenario, and the scientific and technical progress scenario. The primary outcomes of the research are
succinctly outlined as follows:

(1) The introduction of the TSF-EBRB model enables us to more accurately consider the temporal correlation when
predicting the carbon emission peaks of various provinces in China, thereby enhancing the accuracy and reliability of the
forecasts. By integrating time series analysis with parameter optimization methods, this model effectively captures the
temporal dynamics inherent in carbon emission data. Comparative analysis of prediction errors across 30 provinces in China
demonstrates that the TSF-EBRB model outperforms traditional models such as EBRB, GM (1,1), ARIMA, and SVM in
terms of prediction accuracy. The robustness of this approach underscores its value in guiding decision-making and strategic
planning.
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(2) The forecasting results indicate significant regional disparities in the timing of carbon emissions peaks across Chinese
provinces. While many provinces are expected to reach their peaks around 2030, some regions may face challenges in
achieving this target. Therefore, policymakers need to tailor emission reduction strategies to the specific needs and
circumstances of each region, ensuring the effectiveness and fairness of intervention measures.

(3) This study introduces the TSF-EBRB model, which makes significant theoretical contributions to the application of
the EBRB model in time series data prediction. By effectively leveraging the temporal correlation in time series data and
introducing parameter optimization methods, the TSF-EBRB model improves the accuracy and stability of predicting the peak
carbon emissions in various provinces of China. Moreover, the model's strong interpretability and comprehensibility enable
clear explanation and understanding of the prediction results. Therefore, the TSF-EBRB model provides new theoretical
insights and methods for research in time series data prediction, making important theoretical contributions to achieving
accurate, robust, and interpretable time series forecasting.

Based on the research results of this paper, governments and enterprises can derive the following economic benefits from
this research:

(1) Based on the high accuracy and reliability of the TSF-EBRB model, the government should consider the correlation
and dynamic of the data when considering the carbon emission prediction. In order to ensure the timeliness and accuracy of
prediction models, it is recommended that the government establish a dedicated carbon emission prediction body or
department, whose responsibilities include not only monitoring and updating the prediction models, it also includes the regular
collection, analysis and assessment of up-to-date carbon emission data and the adjustment of model parameters to reflect the
long-term dynamics of these data. In addition, the government should develop and implement relevant data maintenance and
update policies to ensure the quality and integrity of carbon emission data, therefore, it can provide reliable forecast data and
basis for making scientific and reasonable carbon emission management policy.

(2) According to the TSF-EBRB model, the government should formulate different policies to reduce carbon emissions
according to the peak time of carbon emissions in different provinces. For provinces that are expected to peak around 2030,
the government can take more stringent measures to speed up the process of reducing emissions; for provinces facing
challenges, the government can provide more support and policy preferences, help them meet their emissions targets.

(3) Enterprises can leverage the TSF-EBRB model's accurate predictions to adjust business strategies, reducing carbon
emission risks and improving competitiveness. By integrating temporal correlations into their planning processes, enterprises
can optimize production and resource allocation, lowering energy consumption and mitigating emissions. This not only
reduces costs but also enhances overall operational efficiency and market competitiveness.

Although the TSF-EBRB model has been demonstrated to be effective in carbon emission prediction through
experimental analysis, it is important to note that the model does not account for carbon emission efficiency or environmental
regulatory policies. In future research, these factors should be integrated into the existing model to create a more

comprehensive and effective carbon emission prediction framework.
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