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Introduction: Industrial green and low-carbon transformation is the key to
improve economic development and necessary process to achieve the goal of
the carbon peaking and carbon neutrality. Few studies have been done on the
decomposition of carbon emission factors in industries and sub-industries and
the impact of green and low-carbon transformation about carbon emission in
each industry quantitatively. However, the study of industries and sub-
industries can comprehensively analyze the development path of green and
low-carbon transformation from a more detailed perspective, and provide
scientific reasons for the optimization of industrial structure and energy
structure.

Methods: The extended Kaya identity for industrial carbon emission is constructed
to obtain four factors influencing industrial carbon emission: economic output
effect, industrial structure effect, energy intensity effect, carbon consumption
intensity in this paper. Then, the LMDI decomposition method is combined with
the above identity to innovatively obtain the contribution value of carbon
emissions from the perspective of overall, industrial sector and tertiary industry.
Then, based on the results of factor decomposition, a multi-index scenario
prediction model is constructed. On this basis, the extreme learning machine
model optimized by particle swarm optimization (PSO-ELM) was used to predict
the influence of the changes in the driving factors on the reduction of industrial
carbon emissions. By setting the baseline and industrial green and low-carbon
transformation scenarios, it is predicted that industrial carbon emission in Sichuan
Province.

Results and discussion: (1) Economic output effect always promotes the growth
of industrial carbon emissions, and with the adjustment of industrial structure
and energy structure, the other three factors begin to restrain the growth of
carbon emissions. (2) Scenario prediction shows that without considering the
economic costs of transformation, improving carbon emission reduction
efficiency can be obtained through accelerating the rate of change of
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industrial structure of the secondary and tertiary industries, increasing the
proportion of energy intensity reduction, and strengthening the proportion of
non-fossil energy use.
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LMDI decomposition method, scenario prediction method, PSO-ELM model

1 Introduction

Green and low-carbon development is an important proposition
to promote the harmonious coexistence between man and nature,
and it is also the only way to achieve a balance between economic
development and environmental quality (Gu, 2016). In recent years,
extreme meteorological disasters have intensified significantly.
Facing the pressure of climate crisis, it is in the common interest
of all countries in the world to realize economic recovery and cope
with climate change through green and low-carbon development
(Renhou et al., 2023). The European Union has reached the peak of
carbon emissions in 1990. On 15 March 2021, the European
Commission published the “Horizon Europe” Strategic Plan
2021–2024, in which the first phase of strategic investment
priorities includes climate, energy, industry, transport and other
areas, as well as the realization of carbon neutral emerging
technologies. In 2020 and 2021, the United Kingdom has
released the 10-point Plan for Green Industrial Revolution, the
Green Hydrogen Energy Strategy and the Net Zero Strategy. In
2021, France issued the “France 2030 Plan” to promote the
development of small nuclear reactors, green hydrogen energy,
industrial decarbonization, green cars, low-carbon aircraft and
other related technologies and industries in the next 5 years.
Since 2021, the United States has actively implemented the Green
New Deal, increased investment in clean technology research and
development.

At present, China’s energy-intensive industry and carbon-
intensive energy are still the main reasons for the increase in
carbon emissions (Research Group of National Institute of
Development Strategy at Wuhan University, 2022). With the
proposal of the “double carbon” goal, the industry needs to carry
out green and low-carbon transformation development to reduce
industrial carbon emissions. The “14th Five-Year Plan” period is an
opportunity for China’s industrial green and low-carbon
transformation. In recent years, clean energy and green industries
in Sichuan Province have been developing rapidly, which make
Sichuan Province play an increasingly significant role in the national
industrial landscape. Simultaneously, the industrial and economic
development of Sichuan province is similar to that of most inland
provinces in China. Though the industrial structure is gradually
changing to the “3-2-1” transformation, the balance issues of the
industrial structure, energy structure, economic and ecological
development have not been resolved. Among them, “1”, “2”, and
“3” represent the primary industry, the secondary industry and the
tertiary industry respectively (Research Group of National Institute
of Development Strategy at Wuhan University, 2022).

In order to achieve the “double carbon” goal as soon as
possible, Sichuan issued the “Sichuan Province Carbon Peak
Implementation Plan,” “Sichuan Province “14th Five-Year”

Comprehensive Work Plan for energy conservation and
emission reduction” and other policies. In 2021, Sichuan
province released the vision of enabling green and low-carbon
industries to achieve the goal of “double carbon,” which pointed
out that because industries with large resource consumption,
strong environmental pollution, energy-intensive, and less added
value have stricter resource and environmental constraints under
the carbon neutral vision, the deep transformation of energy-
intensive industries will face significant challenges. Therefore,
how to achieve green and low-carbon industrial development is
an urgent problem for China to solve under the background of
“double carbon”.

In essence, the transformation of industrial green and low-
carbon is the transformation of industrial structure, energy
structure and consumption structure. At the same time,
industrial development cannot do without energy supply, and
green and sustainable development depends on a clean and
sustainable energy structure (Yu et al., 2022). Industrial
transformation is the key support to achieve green and low-
carbon economic development. Therefore, for clarifying the
development mode of industrial green and low-carbon
transformation, we must determine the important factors
affecting industrial carbon emissions firstly.

Given that there are few analyses on industrial carbon emissions
and green and low-carbon development from the perspective of the
whole industry, taking Sichuan Province as an example, this study
explores the influencing factors of industrial green and low-carbon
transformation under the “double carbon” background. This paper
innovatively studies the influencing factors of industrial carbon
emissions from the carbon emissions of perspective of overall,
industrial sectors and three industries. The LMDI decomposition
method is used to study the influencing factors of industrial carbon
emissions from 2005 to 2019 at different stages and clarify the
development paths of green and low-carbon transformation of
different industries and industrial sectors. Meanwhile, based on
the results of factor decomposition and combined with policy
documents, a multi-indicator scenario prediction model is built.
The PSO-ELM model combined the scenario prediction indexes is
constructed to forecast industrial carbon emissions in Sichuan from
2020 to 2025, verifying whether adjusting the above-mentioned
influencing factors can effectively reduce industrial emissions.
From the perspective of theoretical value, this study
comprehensively analyzes the influencing factor of industry
carbon emissions from the perspective of overall, industrial sector
and tertiary industry. In addition, this paper expands the application
range of PSO-ELM prediction model and provides a new choice for
carbon emission prediction model. In terms of practical value,
positioning the role of Sichuan Province in realizing the “double
carbon” goal in China can not only promote the green and
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low-carbon transformation of Sichuan Province, but also provide an
important reference for the industrial transformation and clean
energy utilization of cities in China and international community.

2 Literature review

2.1 Industrial green low-carbon
transformation and carbon emission

With the Copenhagen Climate Conference was held in 2009, low-
carbon concept has gradually become the subject of the development of
various industries and fields, and there has been a shift from the
traditional carbon-intensive economy to low-carbon economy. Various
industries have also begun to explore their transformation paths and
development modes. Low-carbon transformation refers to changing the
existing economic growth mode based on fossil energy through
mechanism innovation, institutional arrangement and technological
innovation, and realizing a sustainable economic development form
supported by low carbon or zero carbon energy. Aiming at carbon
emission reduction, low-carbon transformation takes the optimization
of industrial structure, the change of industrial organization, and the
transformation of economic development mode and system as an
important content. Therefore, the purpose of industrial green low-
carbon transformation is to reduce carbon emissions by adjusting
industrial structure and energy structure. As a result, it is very
important to analyze the influencing factors of industrial green and
low-carbon transformation.

Foreign scholars mainly studied the formulation and realization
of carbon emission targets, carbon locking issues, etc., and explored
low-carbon transition from the perspective of industry. For example,
Rietbergen et al. (2015) participated in the goal-setting process of the
carbon performance ladder in the Netherlands. They concluded that
the current goal-setting process of the carbon performance ladder
did not set the optimal carbon emission reduction target. The goal-
setting was necessary to consider the minimum performance level of
the low-carbon transformation of the industry to maintain the
carbon performance ladder as an effective tool for green public
procurement. In addition to relevant studies on carbon targets, the
issue of carbon locking has also begun to attract attention. Janipour
et al. (2020) explored the potential carbon locking in the Dutch
chemical industry through semi-structured interviews with 11 key
industries. The results showed that low-carbon options have high
operating costs, low risk of capital providers and shareholders to
accept, and some barriers will inhibit the process of carbon emission
reduction. Different from foreign studies, domestic studies focus on
exploring the influencing factors of carbon emission change (Yan
and Fang, 2015). On this basis, many scholars have studied the
historical track and characteristics of carbon emission of China’s
manufacturing industry, and explored the low-carbon
transformation potential of carbon emission of China’s
manufacturing industry based on scenario analysis. In addition,
some scholars have explored the impact of industrial structure
changes on China’s carbon emissions in recent years from
different dimensions. Meanwhile, they have analyzed the carbon
emission reduction potential of each industry, some possible hidden
carbon emission pathways and their industry share (Dan et al.,
2016).

2.2 Factor decomposition of industrial
carbon emissions

At present, some research mainly use quantitative methods to
study the linear or nonlinear impact of green and low-carbon
transformation development on economy and green innovation
in specific industries such as petrochemical industry, agriculture,
financial industry and construction industry (Yuan, 2014; Yue et al.,
2022; Haitao et al., 2023; Luo et al., 2023). Others mainly make
qualitative analysis on the green development path of an industry
under the background of “double carbon” goal (Jiang et al., 2022;
Xueting and Junbiao, 2022). Meanwhile, the impact of different
industrial development on carbon emissions by decomposition
method has gradually become an important research (Hu and
Gui, 2017).

Few studies have been done on the decomposition of carbon
emission factors in industries and sub-industries and the impact of
green and low-carbon transformation about carbon emission in each
industry quantitatively, while researches on carbon emissions
mainly focuses on a specific industry (Song, 2012; Abul et al.,
2015; Mikko et al., 2016; Long and Han, 2020; Yuan et al., 2020)
and the measures of energy saving and emission reduction (Liu et al.,
2015; Hu J. B. et al., 2021; Song et al., 2022). In reality, the change of a
target variable is caused by a variety of factors, but there are big
differences between the influences of these factors. Thus, it is
necessary to find out the main influencing factors that cause the
change of the target variable from the numerous influencing factors,
and then analyze the main factors to make the target variable
develop in a good direction, so as to put forward targeted policy
suggestions. Therefore, it is important to find and decompose the
main influencing factors. Factor decomposition models are
commonly used in studies of greenhouse gases (Hu and Gui,
2017; Yue, 2021). The LMDI method decomposes several
influencing factors that cause changes in a target variable and
forms a combination, discerning the magnitude of the influence
of each driver on the changes in the target variable. Thus, the LMDI
method has become the mainstream method adopted in analyzing
energy consumption, GHG emissions, etc. (Ediger and Huvaz, 2006;
Hatzigeorgiou et al., 2008; Hu and Gui, 2017). LMDI decomposition
method can clarify the role of other factors on the carbon emissions
of energy sources such as electricity, coal, and oil (Hwang et al., 2020;
Reema, 2022), which can provide a scientific path to improve the
energy structure and environmental quality. In addition, in order to
optimize the industrial structure and clarify the influencing factors
of industrial carbon emissions, LMDI decomposition method is also
commonly used to study the influencing factors of carbon emissions
in industrial sectors such as industry, tourism, and transportation
(Hu and Gui, 2017; Sun et al., 2017; Liu and Ding, 2020; Chen et al.,
2022). Meanwhile, the carbon emissions of a country or region are
affected by various factors such as economic effects, energy intensity,
industrial structure, energy mix, and population changes. Therefore,
in order to analyze and quantify the effect of the influencing factors
of carbon emissions on a certain country and region, and provide a
reference basis for national or regional emission reduction policies,
LMDI decomposition method is also widely applied in this field
(Dalia and Tomas, 2016; Fu et al., 2019; Dong et al., 2020). Some
scholars have also combined LMDI decomposition method with
scenario prediction methods to predict the impact of a province or
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regional driver on carbon emissions, which can provide different
development paths for regions to achieve peak carbon neutrality
(Yue, 2021; Liu et al., 2022; Wang et al., 2022).

Through analyzing the above literature, although many scholars
have made more researches in carbon emission factor decomposition
and extended the application of LMDI decomposition method and
Kaya identity, there are still some unexplored directions. At present,
most studies mainly focus on the decomposition of a certain industry,
an industry or a factor that affects carbon emissions, but t few studies are
involved in the decomposition of carbon emission factors for the whole
industry and sub-industries, and the quantitative analysis of the impact
of green and low-carbon transformation on carbon emissions in each
industry. Meanwhile, most of the literatures on carbon emission
forecasting based on LMDI method focus on the changes of carbon
emission during the whole sample period, without considering the
degree of influence of each driver on carbon emission changes in
different stages. In addition, most scholars construct scenario analysis
indicators only, lacking comprehensive analysis of policies and China’s
development status.

Therefore, in this paper taking Sichuan for an example, the
LMDI method and the extended Kaya identity are used to classify
the drivers of carbon emissions into various effects from the overall,
sub-industry and three major industry perspectives, and the impact
of each industry development on carbon emissions is quantified by
conducting empirical analysis at different stages. At the same time,
combined with the scenario analysis method, the impact of changes
in industrial carbon emission factors on carbon emissions in
Sichuan Province is predicted analyzed under different scenarios.
Further research was carried out about the impact of industrial green
and low-carbon transformation under the background of double
carbon, which provides reference value the transformation and
development of green and low-carbon industries in cities similar
to Sichuan’s energy structure and industrial structure.

3 Model construction and data sources

3.1 LMDI model of industrial carbon
emissions

Based on Kaya identity, the extended Kaya identity of carbon
emissions is constructed, which is shown as Formula 1.

C � ∑n
i�1
Ci �∑

n

i�1
GDP ×

GDPi

GDP
×

Ei

GDPi
×
Ci

Ei
(1)

Where, C indicates the total industrial carbon emissions. Ci

indicates carbon emissions of the ith industry. GDP indicates total
industrial output. GDPi indicates the output of the ith industry. Ei
indicates the energy consumption of the ith sector.

The Kaya identity was proposed by Japanese scholar Yoichi
Kaya in 1989 (Kaya, 1989). Although the Kaya identity can only
explain the change of carbon emission flow, and the driving factors
are mostly superficial factors, the Kaya identity is still widely used in
carbon emission. This is because the Kaya identity has the
advantages of simple mathematical form, no residual
decomposition, and strong explanatory power for driving factors
of carbon emission change.

In order to make Eq. 1 has a clearer way to represent the impact
of each factor on the industry’s carbon emissions, Formula 1 is
expressed as Formula 2.

C � ∑n
i�1
Q × Ii × Si × Mi (2)

Where, Q = GDP indicates total outputs, i.e., total output of the
industrial sector. Ii = GDPi/GDP indicates the industrial structure of
ith sector, i.e., the proportion of the output of each sector to total
output. Si = Ei/GDPi indicates the energy intensity of the ith sector,
i.e., energy consumption by the sector as a proportion of output by
the industry. Mi = Ci/Ei indicates carbon consumption intensity,
i.e., share of each carbon emission in energy consumption.

The specific meaning of Formula 2 is that carbon emissions (C)
are influenced by changes in economic output effect (Q), industrial
structure effect (I), energy intensity effect (S), and carbon
consumption intensity effect (M).

On the basis of Formula 2, the result of factor decomposition
was obtained by using logarithmic mean divisia index (LMDI)
decomposition method, as shown in Formula 3. About the LMDI
decomposition method it is proposed by Ang and Liu, (2007), which
can not only decompose various factors affecting carbon emissions,
but also solve the problem of zero residual (Dong et al., 2020).

ΔC � ΔCt − ΔC0 � ΔCQ + ΔCI + ΔCS + ΔCM (3)
Where, ΔC is defined as the total effect of the change in industry

carbon emissions from the base year to the tth year.
Correspondingly, the contribution values of each influence

factor are obtained by decomposition, which are Formula 4, 5, 6, 7.

ΔCQ � ∑n
i�1

Ct
i − C0

i

InCt
i − InC0

i

In
Qt

Q0
( ) (4)

ΔCI � ∑n
i�1

Ct
i − C0

i

InCt
i − InC0

i

In
It

I0
( ) (5)

ΔCS � ∑n
i�1

Ct
i − C0

i

InCt
i − InC0

i

In
St

S0
( ) (6)

ΔCM � ∑n
i�1

Ct
i − C0

i

InCt
i − InC0

i

In
Mt

M0
( ) (7)

Where, ΔCQ indicates the impact of economic output on carbon
emissions. ΔCI indicates the impact of industrial structure on carbon
emissions. ΔCS indicates the impact of energy intensity on carbon
emissions. ΔCM indicates the impact of carbon consumption
intensity on carbon emissions.

3.2 PSO-ELM prediction model

PSO-ELM prediction model means the extreme learning
machine (ELM) model optimized by particle swarm optimization
(PSO). The ELM model has a faster learning speed and better
generalization performance compared with traditional neural
networks, and the weights and thresholds of the ELM model are
optimized by a particle swarm optimization algorithm, which can
further improve the prediction accuracy and convergence speed of
the network (Chen, 2021).
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ELM is a fast-learning algorithm for single hidden layer neural
networks that can randomly initialize the input weights and biases
and obtain the corresponding output weights (Cao et al., 2010). Let
the single hidden layer feed-forward neural network have m
neurons, N hidden layer nodes and 1 output neuron. Then the
output of the ELM is Eq. 3:

y � ∑N
j�1
g aTj x + bj( )βj (8)

Where: x= [x1, x2, . . . , xm]
T is them inputs; aj = {a1j,a2j, . . . amj}

is the connection weights of all input layers to the jth neuron, aij is
the connection weight of the ith neuron to the jth hidden layer node;
bj represents the bias value of the jth hidden layer node; g( ) is the
hidden layer excitation function; Bj is the connection weight of the
jth hidden layer to the output layer (Huang et al., 2006).

The traditional neural networks are more complex to solve for aj,
bj, and Bj in practice. While the ELM model is based on a single
hidden layer feed-forward neural network, which directly assigns
values to aj and bj, and only needs to learn Bj. At the same time,
compared with the traditional feed-forward neural network, it adds
an undertaking layer. The ELM model not only has excellent
generalization and approximation capabilities, but also has the
advantages of fast operation and low complexity (Chen, 2021).

Particle Swarm Optimization (PSO) is a classical heuristic
algorithm whose basic idea is to use the sharing of information
by individuals in a population to produce an evolutionary process
from disorder to order in the solution space to obtain the optimal
solution to the problem. As the prediction accuracy of the ELM
model is affected by the weights and thresholds, the use of PSO to
optimize the weights and thresholds can improve the prediction
accuracy of the ELM model (Liu et al., 2023).

3.3 Data sources and processing

The data include China’s total GDP, each industry and sub-
industries sector’s GDP, energy consumption and carbon emissions.
All data concerning GDP and energy consumption were obtained from
energy and national economic accounts of Sichuan Statistical Yearbook
(2005–2020). In order to ensure the accuracy of industrial carbon
emission data calculation and the accuracy of research results, the data
of carbon emissions of each sector in Sichuan Province are taken from
the Provincial Emissions Inventory (2005–2019) of the CEADs (China
Carbon Accounting Database). The database’s carbon emissions data is
currently only updated until 2019. By the relevant literatures (Hu and
Gui, 2017; Dong et al., 2020; Yue, 2021; Wang et al., 2022) and the
classification criteria of each industrial sector in the Sichuan Provincial
Statistical Yearbook, the data caliber is unified between different types of
industrial sectors. Finally, the industries in Sichuan Province are divided
into three main categories, among which agriculture, forestry, animal
husbandry and fishery are the primary industries, industry and
construction are the secondary industries, and transportation,
warehousing, postal service, wholesale, retail, accommodation,
catering industry and others are the tertiary industry.

4 Empirical analysis

4.1 Carbon emission characteristics of
industry in Sichuan province

In this paper, according to the data on carbon emissions of each
industry, the trends of total industrial carbon emissions are analyzed
in Sichuan province from 2005 to 2019. As can be seen from
Figure 1, from 2005 to 2013, carbon emissions continued to rise,
and from 2015 to 2019, they declined and remained stable. From
2005 to 2019, total carbon emissions of final energy consumption by
various industries increased by 13.257 million tons, with an average
annual growth rate of 4.48%. The secondary industry was the main
output sector of the total carbon emissions in Sichuan Province, and
it played a dominant role in the composition of carbon emissions. In
terms of growth rates, the average annual growth rates of carbon
emissions from the primary, secondary and tertiary industries were
2.22%, 4.03%, and 7.91%, respectively. Among the three industries,
the tertiary industry had the highest average annual growth rate, but
the total carbon emissions of the tertiary industry were still less than
that of the secondary industry, and there was a big gap. In terms of
carbon emission intensity, although the total carbon emission
increased continuously from 2010 to 2013 and reached the peak,
the carbon emission intensity showed a downward trend, which
indicated that the amount of carbon dioxide emitted by per unit of
output in Sichuan province was declining while its economy was
growing. Especially since 2013, carbon emission intensity has
continued to decrease, meaning that industries have gradually
entered a low-carbon development mode in Sichuan Province.
This indicates that if the industrial economic level remains
unchanged, industrial carbon emissions continue to decrease, and
the trend of green and low-carbon development continues to
emerge.

FIGURE 1
Changes in total industrial carbon emissions and carbon
emission intensity in Sichuan from 2005 to 2019.
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4.2 Results of the decomposition of
industrial carbon emission factors based on
different perspectives

4.2.1 Overall perspective
Firstly, from the overall perspective, the change of the

contribution value of the four main factors mentioned above to
industrial carbon emissions at different stages (2005–2010,
2010–2015, and 2015–2019) in Sichuan Province was analyzed to
determine the impact of these factors on carbon emissions. As can be
seen from Figure 2, the decomposition of industrial carbon
emissions in the three stages reveals that economic output effect
was the main driving factor of carbon emissions growth, with the
most prominent effect from 2005 to 2010. However, on the whole,
the promoting impact of economic output effect on carbon
emissions was gradually decreasing. In addition, the energy
intensity effect restrains the growth of carbon emissions
consistently. Furthermore, both the industrial structure effect and
the carbon consumption intensity effect promoted the increase of

carbon emissions from 2005 to 2010, and inhibit the increase of
carbon emissions in the following two stages, but the energy
intensity effect was more significant. In the three stages, the
change of carbon emissions always showed a downward trend.
Based on the decomposition results of specific industrial carbon
emissions in Table 1, the conclusions are as follows.

(1) In the whole time periods, the economic output effect was
always positive values and showed a decreasing trend, which
indicated that although the impact of economic growth on
carbon emissions in Sichuan Province had decreased, the
rapid economic growth was still the dominant factor leading
to the increase of carbon emission.

(2) The industrial structure effect promoted the increase of carbon
emissions from 2005 to 2010, but turned negative after entering
2010, indicating that the industrial structure effect began to
restrain the growth of emissions. The cumulative contribution
value of industrial structure effect from 2005 to
2019 was −13.31 million tons, which reflected that the
industrial structure adjustment has played a positive role in
Sichuan province. At the same time, it is still necessary to further
optimize and upgrade the industrial structure and carry out
green and low-carbon transformation according to the current
deployment.

(3) Energy intensity refers to the level of energy consumption per
unit of GDP, which reflects the efficiency of energy in economic
development (Dong et al., 2020). In the whole three stages, the
influence of energy intensity effect on carbon emissions in
Sichuan Province had always been negative, and its
cumulative contribution value was −286.917 million tons.
Therefore, the reduction of energy intensity can effectively
restrain the increase of carbon emissions, which will bring a
new upgrading path for the industrial green and low-carbon
development of Sichuan Province in the future.

(4) The carbon consumption intensity effect represents the level of
CO2 output per unit energy consumption. The carbon
consumption intensity effect promoted carbon emissions
from 2005 to 2010 and inhibited them after 2010, which was
the same as the industrial structure effect on carbon emissions.
However, in the whole three stages, the cumulative contribution

FIGURE 2
Results of phased decomposition of industrial carbon emissions
changes in Sichuan.

TABLE 1 The results of the factor decomposition of industrial carbon emissions.

Effect 2005–2010 2010–2015 2015–2019 2005–2019

Contribution
value (million

tons)

Rate
(%)

Contribution
value (million

tons)

Rate
(%)

Contribution
value (million

tons)

Rate
(%)

Contribution
value (million

tons)

Rate
(%)

Economic output
effect

187.023 146.18 168.066 674.81 126.699 −624.86 400.384 303.80

Industrial
structure effect

27.383 21.40 −21.851 −87.74 −34.585 170.57 −13.310 −10.10

Energy intensity
effect

−129.111 −100.91 −119.135 −478.35 −98.242 484.51 −286.917 −217.70

Carbon
consumption
intensity effect

42.649 33.33 −2.174 −8.73 −14.148 69.78 31.637 24.00
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value of carbon consumption intensity effect was 31.637 million
tons, which indicated that the energy efficiency and quality of
the industry were not high in Sichuan Province. In the future, it
is still necessary to optimize the energy structure by increasing
the proportion of clean energy.

Further, the cumulative contribution of each driving factor is
studied from the overall perspective, and the dynamic impact of
each driving factor on carbon emissions in Sichuan province is
analyzed. With 2005 as the base period, the cumulative
contribution of the driving factors of industrial carbon
emissions was obtained, as shown in Figure 3. As can be seen
from Figure 3, from 2005 to 2013, the variation of carbon
emissions in Sichuan Province increased year by year,
reaching the maximum in 2013. From 2013 to 2019, the
variation of carbon emissions showed a trend of fluctuating
growth. From the analysis of the four driving factors, it can be
seen that economic output effect, carbon consumption intensity
effect and industrial structure all promoted the growth of carbon
emissions, among which economic output effect was the main

driving factor, and showed an upward trend on the whole. The
energy intensity effect restrained the growth of carbon emissions
effectively, which was an important driving factor for achieving
the “double carbon” goal. Moreover, the influence of energy
intensity effect on carbon emissions continued to strengthen,
so it is necessary to focus on the low-carbon development effect
of the secondary industry in the future.

4.2.2 Industrial sectors perspective
In this paper, based on the classification of industrial sectors in

China Statistical Yearbook and Sichuan Provincial Statistical
Yearbook, Sichuan’s industrial sectors are divided into six types,
as shown in Table 2. Here, other industries include information
transmission, software and information technology service industry,
financial industry, real estate industry, leasing and business service
industry, scientific research and technology service industry, etc.
Different industrial sectors produce different products, resulting in
different energy demand, labor productivity, technology level and
output. The detailed analyses are shown in Table 2.

(1) According to the ΔCQ in Table 2, it can be seen that the
contribution value of the economic output effect to carbon
emissions was positive contribution value for six types of
industrial sectors during the three stages. Meanwhile, except
for individual sectors, the contribution value of economic
output effect in the majority of industrial sectors decreased
gradually in the whole three stages, mainly including
agriculture, forestry, animal husbandry, fishery, industry,
construction, transportation, storage and postal industry,
which indicates that these four industrial sectors are also
keeping CO2 emissions under control during the process of
economic growth. In the whole three stages, the industrial
sector with the largest reduction in carbon emissions on
account of economic output effect was industry. The main
reason for this phenomenon is that the industrial low-carbon
development, the construction of industrial Internet, and the
industrial digital transformation are promoted effectively in
Sichuan Province, so that the green and low-energy industrial
production keeps increasing. Therefore, the impact of the
industrial sector on carbon emissions shows a downward
trend.

FIGURE 3
The cumulative contribution of the driving factor of industrial
carbon emissions in Sichuan.

TABLE 2 Decomposition of carbon emission influencing factors in 6 types of industrial sectors in Sichuan.

Industrial sector 2005–2010 2010–2015 2015–2019

ΔCQ ΔCI ΔCS ΔCM ΔCQ ΔCI ΔCS ΔCM ΔCQ ΔCI ΔCS ΔCM
Agriculture, forestry,

animal husbandry and fishery
3.280 −1.287 −2.042 1.511 2.855 −0.694 −1.643 0.529 2.056 −0.735 −0.343 −2.379

Industry 162.804 33.559 −118.429 33.665 145.709 −36.872 −89.703 0.106 106.414 −55.183 −76.269 −6.517

Construction 1.864 0.052 −0.404 −0.722 1.243 0.212 −0.717 −1.422 1.249 0.180 −0.263 1.333

Transportation, storage
and postal

13.065 −7.945 3.895 −0.154 11.062 1.276 −7.921 −5.006 10.276 0.563 −5.348 5.292

Wholesale, retail trade and
accommodation, catering

3.718 −0.116 −1.534 0.911 4.070 0.518 −1.548 −0.334 3.591 1.035 −3.000 −1.939

Others 2.270 0.233 −1.286 1.039 3.015 0.448 −0.978 0.702 2.939 1.367 −2.071 −2.522
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(2) According to the ΔCI in Table 2, it can be seen that the
contribution value of the industrial sector to the increase of
carbon emissions changed from positive to negative, and the
contribution value of the agriculture, forestry, animal
husbandry and fishery sectors to the increase of carbon
emissions was always negative, which indicated that the
industrial structure of Sichuan Province began to optimize
gradually, and to some extent inhibited the rapid growth of
carbon emissions. Meanwhile, with the acceleration of
urbanization and the improvement of the living standard, the
contribution value of transportation, storage and postal services,
wholesale, retail and accommodation, catering and other
industries to carbon emissions shows an increasing trend,
which indicates that the scale of the tertiary industry is
expanding in Sichuan province, and the rapid development
of the tertiary industry will inevitably promote the increase of
carbon emissions.

(3) According to the ΔCS in Table 2, it can be seen that the energy
intensity effect was negative for all industrial sectors in the
whole three stages, except for transportation, storage and postal
industry, which had a positive energy intensity effect from
2005 to 2010. Among them, the energy intensity effect of
agriculture, forestry, animal husbandry, fishery and industry
has a gradually decreasing influence on controlling the growth
of carbon emissions. As a whole, the energy intensity effects of
all industrial sectors restrain the increase of carbon emissions

effectively. Therefore, the decrease of energy intensity is a key
factor to restrain the increase of carbon emissions, which poses a
challenge to the development of green and low-carbon economy
in Sichuan Province.

(4) According to the ΔCM in Table 2, it can be seen that the
carbon consumption intensity effects of some industrial
sectors are positive value and some are negative value
among the six industrial sectors in the three stages. From
the perspective of contribution value, agriculture, forestry,
animal husbandry, fishery, industry and other industry
sectors play a significant role in restraining the increase of
carbon emissions, among which the industrial sector has the
strongest inhibitory effect. With the change of carbon
consumption intensity effect during the whole three
stages, the number of sectors with negative contribution
values gradually increases, indicating that the share of
non-fossil energy in each industrial sector has increased.
At the same time, the change of carbon consumption
intensity effect will also promote the industrial energy
conservation and emission reduction to zero carbon
(Wang et al., 2022), resulting in significant carbon
emission reduction effect.

4.2.3 Three industries perspective
In order to grasp the direction of green and low-carbon

industrial development in Sichuan province, the impact of each

TABLE 3 The factor decomposition of carbon emissions of three industries.

Years Effect Primary industry Secondary industry Tertiary industry

Values (million
tons)

Rate (%) Values (million
tons)

Rate (%) Values (million
tons)

Rate (%)

2005–2010 Economic output 3.280 224.36 164.677 146.52 19.066 135.28

Industrial structure −1.287 −88.03 29.394 26.15 −0.724 −5.14

Energy intensity −2.042 −139.66 −114.110 −101.53 −12.960 −91.96

Carbon consumption
intensity

1.511 103.32 32.427 28.85 8.711 61.81

2010–2015 Economic output 2.855 272.78 146.968 792.05 18.244 343.99

Industrial structure −0.694 −66.30 −26.158 −140.97 5.000 94.28

Energy intensity −1.643 −157.03 −99.677 −537.19 −17.814 −335.89

Carbon consumption
intensity

0.529 50.55 −2.578 −13.89 −0.126 −2.37

2015–2019 Economic output 2.056 −146.78 107.759 −370.86 16.883 165.83

Industrial structure −0.735 52.46 −40.519 139.45 6.668 65.49

Energy intensity −0.343 24.51 −87.657 301.67 −10.241 −100.59

Carbon consumption
intensity

−2.379 169.82 −8.640 29.74 −3.129 −30.73

2005–2019 Economic output 5.326 1,621.16 343.340 336.98 51.719 174.86

Industrial structure −2.107 −641.49 −19.239 −18.88 8.036 27.17

Energy intensity −2.165 −659.18 −245.793 −241.24 −38.958 −131.71

Carbon consumption
intensity

−0.724 −220.49 23.580 23.14 8.781 29.69
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driving factor above on carbon emissions is analyzed from the
perspective of three industries. The detailed decomposition
results were shown in Table 3.

(1) For the economic output effect, the contribution values of the
three industries were positive during the three stages. From
2005 to 2010, carbon emissions from the secondary industry
increased by 328.03 million tons due to the economic output
effect, accounting for 88.05% of the increase in industrial carbon
emissions caused by economic output effect. Therefore, in terms
of economic output effect, the secondary industry has the
strongest promoting effect on carbon emissions.

(2) For the industrial structure effect, the contribution values of the
primary and tertiary industries were negative, while the
secondary industries were positive contribution values in the
first stage (2005–2010). The reason is that the proportion of the
primary and tertiary industries in the three industries is not
high, while the secondary industry dominates. From 2010 to
2015 and 2015 to 2019, the contribution values of the primary
and tertiary industries were negative, and the tertiary industry
was positive. This is because the tertiary industry developed
rapidly as the income of the residents had improved and the
demand of services had increased. At the same time, with the
continuous adjustment of the three industrial structures, the
proportion of secondary and primary industries decreased and
the proportion of tertiary industries significantly increased.
Therefore, the industrial structure effect of the secondary
industry showed a negative influence on the growth of
carbon emissions.

(3) For the energy intensity effect, the contribution values of the
three industries were negative during the three stages, which
showed that the energy intensity effect led to the reduction of
industrial carbon emissions, and the industry with the largest
reduction was the secondary industry. In a comprehensive view,
the energy intensity effect on carbon emission reduction was the
secondary industry, the tertiary industry, and the primary
industry in descending order. The main reason for this is

that the secondary industry consumed more energy. When
controlling the energy intensity of the secondary industry can
effectively promote the reduction of carbon emissions and help
the development of the low-carbon economy.

(4) For the carbon consumption intensity effect, the contribution
values of the three industries were similar to the industrial
structure. From 2005 to 2010, the contribution values of carbon
consumption intensity effect on the three industries were all
positive values, indicating that the three industries used fossil
energy extensively and energy inefficiently. From 2010 to
2015 and 2015 to 2019, the contribution values of the carbon
consumption intensity effect on the secondary industry were
negative, while the primary industry and tertiary industry had
positive and negative contribution values. The reason for these
is that the secondary industry focused on the adjustment of
energy structure and gradually developed the use of clean energy
during the period, but the utility for the reduction of carbon
emissions was low, and that the industry in Sichuan province
was still very dependent on coal and other fossil energy, and the
technology of developing clean energy was still relatively
backward.

5 The development impact of industrial
green and low-carbon transformation

5.1 Scenario setting of industrial green and
low-carbon transformation

According to the emission reduction situation of Sichuan
Province during the “13th Five-Year” Plan period, combined with
the relevant policies and measures of the 14th Five-Year Plan period,
related parameter values and the change rate of the driving effect
factors of carbon emission are set under the two scenarios
respectively, namely, baseline and green and low-carbon
transformation. Accordingly, the impact of industrial green and
low-carbon transformation on the realization of the “double carbon”

TABLE 4 Scenario indicators for each driver factor in Sichuan.

Parameter setting Scenario mode 2020–2025

Rate of change of gross industrial product Baseline 6%

Green and low-carbon transformation 6%

Rate of change of industrial structure of primary industry Baseline −3.72%

Green and low-carbon transformation −3.72%

Rate of change of industrial structure of secondary industry Baseline −3.91%

Green and low-carbon transformation −4.11%

Rate of change of industrial structure of tertiary industry Baseline 4.28%

Green and low-carbon transformation 4.48%

Rate of change of energy intensity Baseline −2.86%

Green and low-carbon transformation −3.20%

Non-fossil energy rate of change Baseline 12.76%

Green and low-carbon transformation 14.29%
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goal is analyzed in Sichuan Province. The parameters of each
scenario were shown in Table 4.

(1) Economic output effect. The economic output effect is
mainly affected by the gross industrial product.
Meanwhile, according to the indicators of “the 14th Five-
Year Plan for Sichuan’s National Economic and Social
Development and the Outline of the Long-term Goals for
2035,” combined with the fact that the COVID-19 epidemic
will slow down the overall economic growth rate, the average
annual growth rate of industrial GDP at 6% was set under the
two scenarios set above in this paper.

(2) Industrial structure effect. The industrial structure effect refers
to the proportion of the output values of the three industries in
the total output values. Therefore, the effect of the industrial
structure effect was converted into the effect of the industrial
structure of each industry on carbon emissions in this paper. In
the scenario of baseline, it is assumed that the changes of three
industrial structure maintain the annual average change rate in
the past 5 years, that is, in the primary, secondary, and tertiary
industries it is −3.72%, −3.91% and 4.28% respectively. Under
the green and low-carbon transformation scenario, it is set in
this paper that the average annual change rate of the industrial
structure of the primary industry remains unchanged, the
secondary industry decreases by 0.2%, and the tertiary
industry increases by 0.2%, namely, the average annual
growth rate of the three industries is −3.72%, −4.11%, and
4.48% respectively, based on the literatures (Fu et al., 2019; Yue,
2021) and the following reasons. On the one hand, the
adjustment of industrial structure will affect the green
and low-carbon transformation of industry. On the other
hand, from the LDMI decomposition results above, it can be
concluded that the proportion of the industrial structure,
which declines in the secondary industry and increases in
the primary and tertiary industries, will help to restrain the
increase of carbon emissions. In addition, compared with
the secondary and tertiary industries, the industrial
structure effect of the primary industry has less impact on
carbon emissions. Therefore, the change rate of the
industrial structure of the primary industry is set to
remain unchanged.

(3) Energy intensity effect. According to the “14th Five-Year Plan
for Energy Development in Sichuan Province,” the energy
intensity was set to decrease by 13.5% in the baseline
scenario compared with 2019, with an average annual change
rate of −2.86%. Energy intensity is an effective factor to restrain
the increase of carbon emissions. Therefore, the energy intensity
was set to decrease by 15% compared with 2019, with an average
annual change rate of −3.20% in the green and low-carbon
transformation scenario.

(4) Carbon consumption intensity effect. The carbon
consumption intensity is influenced by the energy
consumption structure. At the same time, the increase of
the use of clean energy such as non-fossil energy will
effectively reduce industrial carbon emissions, especially in
the secondary industry. Carbon consumption intensity
scenarios are based on the average annual change rate of
the share of non-fossil energy (Wang et al., 2022). In 2022,

According to the “14th Five-Year Plan” for Energy
Conservation and Emission Reduction in Sichuan
Province,” the share of non-fossil energy consumption will
reach about 41.5% by 2025. Therefore, under the baseline
scenario, the proportion of non-fossil energy is set at 41.5%
in 2025, with an average annual growth rate of 12.76% in this
paper. After the low-carbon transformation of the industry,
energy efficiency and the proportion of non-fossil energy will
be further improved. Meanwhile, combined with related
literatures about the setting of carbon emission intensity
scenarios (Wang et al., 2022), the proportion of non-fossil
energy is set at 41.5% in 2025 under the scenario of green and
low-carbon transformation, with an average annual growth
rate of 14.29%.

5.2 Impact analysis of industrial green and
low-carbon transformation

Under the baseline and green and low-carbon transformation
scenarios, we forecasted and analyzed the change of industrial
carbon emissions in Sichuan from 2020 to 2025, and determined
the impact of industrial green and low-carbon transformation on the
trend of carbon emissions change, which based on the extreme
learning machine model optimized by particle swarm optimization
(PSO-ELM) prediction model in this paper.

The data from 2005 to 2015 were used as the training set and the
data from 2016 to 2019 were used as the test set to build the PSO-
ELM prediction model. The prediction values and simulation errors
of the model are shown in Table 5. As can be seen from Table 5,
compared with the simulation results of data, the simulation of PSO-
ELM has higher prediction accuracy, and its mean relative error is
0.968%. The MSE, RMSE and MAE reflect the degree of deviation
between the predictive values and the true values, and the smaller the
value, the higher the prediction accuracy (Yue, 2021). In this paper,
the MSE, RMSE and MAE are 9.599, 3.098, and 2.769, respectively,
and the three values are small. Therefore, PSO-ELM combined
prediction model has better prediction accuracy. When the
indicators of the two scenarios were input into the PSO-ELM
model respectively, the corresponding scenario predictive values
of Sichuan Province from 2020 to 2025 were obtained. The trend of
industrial carbon emission in Sichuan Province is obtained
accordingly, as shown in Figure 4.

As can be seen from Figure 4, the Scenario predictive values of
industrial carbon emissions in Sichuan province decreased under
the baseline and green and low-carbon transformation scenarios.
Under the baseline scenario, industrial carbon emissions will be
reduced by 5.885 million tons compared with 2019, with an average
annual decline rate of 3.2%. Under the green and low-carbon
transformation scenario, industrial carbon emissions in 2025 will
be reduced by 8.830 million tons compared with 2019, with an
average annual decline rate of 5.07%. Therefore, the total industrial
carbon emissions can be reduced effectively under the two scenarios.
But the emission reduction efficiency is stronger under the scenario
of industrial green and low-carbon transformation. The results
showed that the keys to promoting the reduction of industrial
carbon emissions are optimizing the industrial structure,
especially the secondary industry and tertiary industry, reducing
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the proportion of energy per unit of GDP, and strengthening the
proportion of non-fossil energy under the economy keep a steady
rise. Therefore, the green and low-carbon transformation of the
industry can effectively restrain the increase of carbon emissions
and help Sichuan achieve the “double carbon” goal as soon as
possible.

6 Discussions and conclusion

6.1 Discussions

In terms of the results above, for Sichuan Province the control
effect of industrial carbon emissions is obvious in recent years. In
this paper, the change trend of industrial carbon emissions predicted
under two scenarios is similar to the results of Liao’s research (Liao
et al., 2022), which predicted that under baseline, low-carbon and
the economic slowdown scenarios, carbon emissions in Sichuan
province will show a downward trend from 2020 to 2025 gradually.
Compared with Liao’s research which only selected three factors
affecting carbon emissions in Sichuan Province, more scenario
indicators based on the results of factor decomposition are set up
to improve the practicability of the results in this paper. At the same
time, the adjustment of industrial structure is one of the important

means to promote the reduction of carbon emissions, so we
incorporate changes in industrial structure and carbon
consumption intensity into the forecast of industrial carbon
emissions specially. The scenario prediction results show that an
effective reduction of carbon emissions can be achieved by a 0.2%
decrease in the rate of structural change of secondary and tertiary
industries in Sichuan Province in this paper, While Qiaochu et al.
(2022) also believes that the improvement of low-carbon efficiency
in Sichuan Province is largely due to the optimization of industrial
structure. In addition, the energy intensity effect and carbon
consumption intensity effect can inhibit the increase of industrial
carbon emissions, and the main factors influencing these two
effects are the proportion of non-fossil energy and the efficiency
of fossil energy use. Therefore, the carbon consumption intensity
and energy intensity are added to make the existing studies more
comprehensive.

The situation that the carbon emissions show a decreasing trend,
but the overall decrease is small in Sichuan, is consistent with that of
the whole country obtained in Liu and Ding (2020) ’s research. From
the perspective of economic policy and industrial policy, the results
of the study, as shown in Figure 1, confirm that the secondary
industry is the main source of carbon emissions in Sichuan province,
and the economic output effect consistently promotes the rise of
carbon emissions in the overall, industrial sector and three industry
perspectives, which indicate that the economic growth mode at the
expense of the environment and the irrational industrial structure
lead to the increase of industrial carbon emissions in Sichuan
Province. The conclusion accords with the current situation of
industrial development in China and is consistent with the
existing research (Hu and Gui, 2017; Fu et al., 2019; Ma et al.,
2019; Dong et al., 2020). Therefore, all industries should strengthen
the efficient use of fossil energy, reduce unnecessary energy
consumption, control the growth rate of energy consumption in
the secondary industry, take the advantage of new energy
technologies, and reduce the total industrial carbon emissions.

In terms of method, the LMDI decomposition method has been
widely used in the research of carbon emissions. At present, most
studies of industrial carbon emissions mainly focus on the individual
industries, not the whole industry (Ma et al., 2019; Sun and Yang,
2020). And there is a lack of further analysis of how changes in these
factors will affect carbon emissions, after obtaining the influencing
factors of industrial carbon emissions. Although some scholars have
studied the factors influencing industrial carbon emissions from a
holistic perspective, such as Hu and Gui (2017), who decomposed
the factors of industrial carbon emissions from three perspectives.
However, they used a small amount of data and did not consider the

TABLE 5 The prediction values and simulation errors of the PSO-ELM prediction model.

Years Actual values
(million tons)

Prediction values
(million tons)

Mean squared
error (MSE)

Root mean squared
error (RMSE)

Mean absolute
error (MAE)

2016 295.637 295.149 9.599 3.098 2.769

2017 295.360 291.163

2018 271.587 275.012

2019 289.217 286.249

Mean relative error (%) 0.968

FIGURE 4
Industrial carbon emissions trends in Sichuan, 2005–2025.

Frontiers in Environmental Science frontiersin.org11

Liu et al. 10.3389/fenvs.2023.1257855

https://www.frontiersin.org/journals/environmental-science
https://www.frontiersin.org
https://doi.org/10.3389/fenvs.2023.1257855


role of non-fossil energy use on industrial carbon emissions.
Therefore, more factors is added to the Kaya identity and these
factors combined with the LMDI method are analyzed by the PSO-
ELM prediction model to quantify the effect of factor changes on
industrial carbon emissions in this paper. At the same time, the
application of LMDI method combined with scenario prediction
expands the existing methods further.

In terms of the reliability, the carbon emission data of provincial
industries calculated is used directly in this paper, according to the
IPCC method in the CEADs database. On the one hand, the IPCC
method considers almost all GHG emission sources
comprehensively, and provides specific emission principles and
detailed calculation methods. At the same time, this method is
also the most authoritative and reliable method recognized
internationally (Zhang et al., 2022). In this paper, data from
CEADs database is directly used, while other studies (Hu and
Gui, 2017; Hu X. W. et al., 2021; Wang et al., 2022) made some
estimates using online data or literature data. This is because that
although the data of CEADs database is accurate, the update speed is
slow. Therefore, using other data would reduce the accuracy of the
results. On the other hand, the scenario forecast indicators used in
this paper are all derived from the policy documents related to the
green and low-carbon transformation of industries. Therefore, the
results analyzed and predicted can be used as a reference for
government departments.

6.2 Research conclusions

According to the research results, the following conclusions are
obtained.

(1) From the viewpoint of the economic output effect, the
economic output effect always contributes to the increase
of carbon emissions under the overall, industrial sector and
three industries’ perspectives. From the overall perspective
and the three industrial perspectives, the contribution of
economic output effect to industrial carbon emissions is
decreasing, indicating that the effectiveness of green
economic development in the three major industries is
beginning to be significant. From the perspective of
industrial sectors, the economic output effect of the
industrial sector has the strongest contribution to carbon
emissions, followed by transportation, storage, and postal
industry. The rest of the industrial sectors have a smaller
impact. This indicates that industry is still the pillar industry
of economic development.

(2) From the industrial structure effect, the change in industrial
structure begins to inhibit the growth of carbon emissions. The
inhibiting effect of the secondary industry is the most obvious.
From the perspective of industrial sectors, the inhibiting effect
of industrial structure in the industrial sector is increasing, while
the effect of industrial structure in the tertiary industries, such as
transportation, storage, postal service, and wholesale, is
gradually promoting the increase of carbon emissions. This
indicates that the industrial structure is changing to “3-2-1,”
which is in line with the trend of industrial structure change in
China at this stage.

(3) From the energy intensity effect, the energy intensity effect
consistently restrains the growth of carbon emissions under the
three perspectives, and the inhibitory of energy intensity effect
shows that the energy consumption of various industries is
decreasing, the quality of economic development is increasing,
and the dependence of economic development on energy is also
weakening.

(4) In terms of the carbon consumption intensity effect, the carbon
consumption intensity effect shifts from positive to negative
values in the overall perspective and begins to suppress the
increase of carbon emissions in industries. Except for the carbon
intensity effect of construction, transportation, storage, and
postal industries, which began to promote the increase of
carbon emissions, the carbon intensity effect of agriculture,
industry, wholesale and retail industries all gradually
suppressed the increase of carbon emissions. The rapid
development of urbanization in recent years, which has led
to the rapid development of construction, transportation,
logistics, and other industries, resulting in an increase in
demand for energy use and thus the increase in carbon
emissions is the main reason for this phenomenon.

(5) Through the quantitative analysis of the impact of the industrial
green and low-carbon transformation in Sichuan province,
combined with the indicator settings of the scenario analysis,
it is concluded that without considering the economic cost of
transformation, accelerating the rate of change of industrial
structure of secondary and tertiary industries, increasing the
proportion of decrease in energy intensity, strengthening the
proportion of non-fossil energy use, and optimizing the
industrial structure and energy intensity can effectively
improve the efficiency of carbon emission reduction and help
Sichuan province achieve the goal of “double carbon” as soon as
possible.

6.3 Enlightenment and suggestions

Based on the above research results, this paper provides the
following suggestions for the green and low-carbon industrial
transformation development of Sichuan Province and other
regions at home and abroad.

Firstly, promoting the development of clean energy and take the
path of green and low-carbon development. Sichuan Province and
other regions should give full play to its huge potential in the
development and use of clean energy, and increase the
proportion of clean energy consumption.

Secondly, speeding up the transformation of energy-intensive
industries and take the path of energy conservation and carbon
reduction. Sichuan Province should focus on the transformation of
energy-consuming industries. Meanwhile, other regions should
actively promote the transformation and upgrading of energy-
consuming industries and energy technology innovation.

Thirdly, strengthening policy support and control, and take the
path of ecological development first. Sichuan Province and other
regions should introduce precise policy support for resources,
environment, technology research and development, finance and
other aspects at the provincial level to encourage social capital to
enter green and low-carbon industries.
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In the paper, firstly, the extended Kaya identity was constructed,
and then, combined with LMDI method, the four factors affecting
industrial carbon emissions and their contribution values were
decomposed. Secondly, from the perspectives of the overall,
industrial sector and tertiary industry, the PSO-ELM method is
used to predict industrial carbon emissions and the influence trend
of adjustment of the above influencing factors on industrial carbon
emissions in Sichuan Province by setting scenario prediction
indicators. It provides a reference to realize the development path
of industrial green and low-carbon transformation. However, there
are still some shortcomings in this paper. First of all, the influencing
factors of industrial green and low-carbon transformation are
complex and diverse. In order to improve the research, more
influencing factors should be added in the future, such as
industrial transformation cost, industrial innovation level and
other factors. Secondly, industrial sectors are divided into six
categories in this paper, and it is impossible to analyze the
influence of a specific industry in more detail, such as
manufacturing, financial industry, etc., so industrial sectors
should be divided in more detail in the future.
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