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Abstract
As industry is the world’s leading carbon emitter, promoting industrial carbon reduction is of key significance to carbon peak 
and carbon neutrality. Using a data-driven method, based on the collection and processing of relevant data from statistical 
yearbooks and others, we analyze the efficiency and amount of carbon emission of each industrial sector after processing 
multi-dimensional data by the improved IPCC EF method of calculating carbon emissions. In addition, we adopt the LMDI 
decomposition method for data modeling to measure the contribution of energy efficiency, industrial structure, GDP per 
capita, and population size to carbon emission changes, to identify targets for industrial carbon reduction, and to propose a 
targeted optimization path for carbon emission. We show how the method is implemented by taking the statistics of Anhui 
Province from 2010 to 2019 as an example and advises on an optimization path for carbon emission in Anhui Province. 
This study is of both theoretical and practical significance as it provides theoretical and methodological support for the low-
carbon development of the regional industry, and provides a reference for other countries and regions to explore the path of 
low-carbon and environment-friendly green transformation and upgrading.

Keywords Carbon emission · Optimization path · Anhui Province · Low-carbon (LC) · Environmental protection · Data-
driven

Introduction

The Intergovernmental Panel on Climate Change (IPCC 
2014) is 95% certain that with the development of human 
society since the industrial revolution, the increase in green-
house gas emissions is the direct cause of global warming. 
Global warming has caused and is causing a range of climate 
and environmental changes, including sea-level rise (Kirik-
kaleli and Sowah 2021), changes in the hydrosphere cycle 
(Kundzewicz 2008; Zhang et al. 2021a), ocean acidification 
(Iida et al. 2021), and increased frequency and intensity of 
extreme weather events (Zang et al. 2021; Naderi 2020), 

especially in regions that are more sensitive and vulnerable 
to climate change (Schneider et al. 2007; Gleick et al. 2010). 
As a result of global warming, climate change is affecting 
human production and life (Guo et  al. 2021), such that 
reducing carbon emissions is a fundamental task for envi-
ronmental protection and human survival and development 
(Shi et al. 2017). To mitigate and address global warming 
and control greenhouse gas emissions, many countries and 
international organizations have set avoiding an increase of 
less than 2 °C in global temperature (compared to that before 
the industrial revolution) as the goal of greenhouse gas emis-
sion reduction (Jiang and Fu 2012; Meinshausen et al. 2009; 
Allen et al. 2009). As the world’s largest carbon emitter, 
China has made an active commitment to combat climate 
change (Lin et al. 2021; Xi 2020). Industry has long been 
a driver behind China’s rapid economic growth and is also 
a major carbon emitter among all industries (Jin and Han 
2021). As a result, encouraging industrial carbon peak is of 
key significance and a pressing issue for China as a whole to 
achieve peak carbon emissions (Lin et al. 2021; Yang et al. 
2021a). The main tasks of carbon reduction at present also 
include understanding the current status of carbon emission, 
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strengthening the management of total carbon emissions, 
and promoting the target setting of carbon control in key 
industries and regions.

Promoted carbon reduction will require firstly calculating 
the amount and identifying the sources of carbon emission, 
and secondly determining carbon efficiency and analyzing 
the factors behind carbon emission changes (Yang et al. 
2021b). Regarding the calculation method of carbon emis-
sions, two types of systems have been developed to calcu-
late carbon emissions: top-down and bottom-up. The IPCC 
(2006) Guidelines for National Greenhouse Gas Inventories 
is a typical top-down system (Kalt et al. 2016; Schueler et al. 
2018; Shan et al. 2017) and a widely used tool to calculate 
carbon emissions by setting an emission factor (EF) for each 
fuel and multiplying it by the fuel consumption. This system 
uses EF calculation to compile greenhouse gas inventories 
applicable to countries and regions, and provides default 
values for emission factors, which is widely used for its ease 
to calculate and obtain basic data. Peng et al. (2020) used 
this method to calculate the carbon dioxide generated by 
energy consumption during China’s construction of asphalt 
pavement. Gai et al. (2018) calculated the carbon emis-
sions of thermal power plants by using the emission factor 
method. However, the calorific value and carbon content of 
raw coal in China are 40% lower than the recommended sta-
tistical value, so this method will result in the overestimation 
of China’s total carbon dioxide emissions (Liu et al. 2015). 
The bottom-up accounting system is formed based on the 
carbon emissions of enterprise products or projects, of which 
the representative one is life cycle assessment (LCA). Bi 
et al. (2022) used LCA to discuss the carbon emission of 
378 wind farms and described the regional distribution of 
carbon emission of wind farms in the whole life cycle. Ma 
et al. (2021) used LCA to compare the carbon emissions of 
machine tools with different materials in their life cycle. 
However, this accounting system focuses on examining car-
bon emissions of specific products or enterprises. Therefore, 
it has limitations in measuring regional and sectoral carbon 
emissions. In addition, Fu et al. (2021) used the Greenhouse 
Gases Observing Satellite to estimate industrial carbon 
emissions at the city level, providing a new method for esti-
mating carbon emissions.

Researches on carbon efficiency mainly lie in three 
aspects. First, measurement indicators and methods of car-
bon efficiency. Kaya and Yokobori (1997) first proposed 
the concept of carbon production efficiency, and then 
scholars proposed from different perspectives measure-
ment indicators of carbon efficiency, such as carbonization 
index and carbon emission intensity (Mielnik and Goldem-
berg 1999; Wang et al. 2020a). Most of these indicators are 
single-factor measurements expressed by the ratio of total 
carbon emissions to a certain factor. However, carbon effi-
ciency is the joint result of multiple factors such as energy 

consumption and economic development and it has the 
characteristics of all factors, so it is more scientific to con-
sider a comprehensive indicator including related factors 
(Ramanathan. 2002). Based on this idea, some scholars 
take into account fixed capital, labor force, GDP, carbon 
emissions, etc. to determine the measurement indicators 
of carbon efficiency (Gao et al. 2020; Zhou et al. 2010). 
Data envelopment analysis (DEA) based on the all-factor 
idea is an important method to studying carbon efficiency. 
For example, based on the all-factor framework of energy 
efficiency, Yu and Chao (2012) used directional distance 
function and data envelopment analysis to estimate the 
energy efficiency and  CO2 emission reduction potential of 
China’s industry from 2000 to 2009. Li et al. (2021) com-
bined DEA with the Malmquist productivity index (MPI) 
to assess the carbon efficiency of 30 provincial regions in 
China from 2009 to 2015. Huang et al. (2021) used DEA 
to calculate the energy use efficiency of each province in 
China from the perspective of environmental constraints. 
Kong and He (2020) used the super efficiency DEA to 
measure and analyze the carbon efficiency of the Silk Road 
Economic Belt. Zhu et al. (2020a) estimated the carbon 
emission efficiency (CEE) of China’s energy-intensive 
industries at the provincial level through the three-stage 
DEA and analyzed the time–space distribution and influ-
encing factors of CEE through spatial autocorrelation 
analysis and the Tobit model. Second, the measurement 
of carbon efficiency of different industrial sectors. Some 
scholars have studied the carbon efficiency of China’s 
manufacturing industry (Han et al. 2021; Li and Cheng 
2020; An et al. 2021), and some scholars have also studied 
the carbon efficiency of some specific industries such as 
the petrochemical industry (Keivani et al. 2021), thermal 
power industry (Zhu et al. 2020b; Jiang et al. 2019a), and 
transportation industry from a micro-industry perspective. 
Third, the research on the influencing factors of carbon 
efficiency (Yu et al. 2021). Most scholars consider eco-
nomic development (Zhang et al. 2021b; Khan et al. 2019), 
energy consumption (Salari et al. 2021; Chen et al. 2021), 
technology (Xie et al. 2021; Jiao et al. 2020), industrial 
structure (Zhang and Xu 2022), and trade (Naz et al. 2019) 
as important factors influencing carbon efficiency (Lu and 
Li 2020; Dalai et al. 2017).

The existing research results have laid a good foundation 
for carbon reduction. However, the measurement of carbon 
emissions, research objects, and research depth can be fur-
ther improved.

(1) Most existing research is carried out mainly by combin-
ing industrial and socio-economic statistical data. In 
this way, the research object is often not well balanced 
in spatial scale and industrial precision. Meanwhile, 
related data on regional industrial carbon emission can-
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not be fully mined and the potential of regional indus-
trial and socio-economic data for carbon reduction can-
not be fully realized.

(2) The IPCC measurement method usually defaults the 
energy conversion rate to 1, without taking into account 
the fact that when  CO2 is emitted, industrial enterprises 
will adopt certain processes to recover a fixed portion 
of  CO2, which means that the carbon emissions calcu-
lated by this method are more than the actual emissions. 
At the same time, due to the differences in regional 
resource endowment, the measurement method of car-
bon emissions, when applied, should consider specific 
regions.

(3) In the calculation of carbon emissions, current studies 
have not fully taken into account the strong regional 
characteristics of energy consumed by industrial pro-
duction, such as heat generation and carbon oxidation 
rate. So the calculated carbon emissions may deviate 
from the actual emissions. The carbon reduction policy 
formulated based on carbon emissions is bound to be 
insufficient in regional pertinence.

To solve the above challenges, based on industrial 
sector-related statistics, this paper improves the existing 
measurement methods of carbon emissions to measure and 
analyze the spatio-temporal evolution characteristics of 
carbon emissions and carbon efficiency of regional indus-
trial sectors and key industries, and uses the Logarithmic 
Mean Divisia Index (LMDI) model to analyze the contri-
bution rates of each factor to carbon emissions. Based on 
this, a regional optimization path for carbon emission is 
proposed, which is of both theoretical and practical signifi-
cance. Theoretical significance: (1) this study enriches and 
improves the measurement method of carbon emissions, 
evaluates more objectively the carbon emissions and car-
bon emission intensity of different industrial sectors and 
regions through data analysis, and thus provides a research 
foundation for proposing a targeted optimization path of 
carbon reduction. It offers methodological support for rel-
evant researchers. (2) This paper uses the LMDI model to 
construct a model of influencing factors and analyze the 
contribution rates and the mechanism of influencing fac-
tors to carbon emission changes. Practical significance: (1) 
this paper can help the government and industry practi-
tioners acquire a comprehensive and objective understand-
ing of industrial carbon emission, discover the key factors 
affecting carbon emission, and seek effective paths for car-
bon reduction. (2) This paper is significant to promote the 
green transformation and upgrading of regional industry, 
encourage the balanced growth between the economy and 
environment of regional industry, and advance environ-
mental protection and ecological conservation.

Method

This part introduces the measurement of regional indus-
trial carbon emissions and carbon efficiency and the iden-
tification of influencing factors, which mainly describes 
the methods and strategies for data collection, processing, 
modeling, analysis, and application.

Research process

The industrialization has made significant contribu-
tions to socio-economic growth; however, industrial 
development also results in increased energy con-
sumption and carbon emissions. Carbon reduction has 
become a focus of attention and research for scholars, 
industrial practitioners, and policymakers, and is a 
major issue to be addressed for sustainable develop-
ment. Based on a comprehensive collection of regional 
industrial sub-sectors’ energy consumption and output 
value, this paper establishes an improved method to 
measure regional carbon emissions and carbon emis-
sion intensity; the LMDI is used to analyze the contri-
bution rates of each factor to carbon emission changes. 
The research process is shown in Fig. 1.

Data collection and processing

The research collects data from industrial sectors of 
Anhui Province on the physical volume of consump-
tion of 14 types of energy including coal, coke, crude 
oil, gasoline, kerosene, diesel, fuel oil, and natural 
gas, and on the industrial output value, which spans 
from 2010 to 2019. The data are from China Energy 
Statistical Yearbooks, Anhui Statistical Yearbooks, 
and statistical yearbooks of Anhui municipalities. In 
the data collation, two sectors with missing data (pro-
fessional and auxiliary activities for mining; metal 
products, machinery, and equipment repair industry) 
are excluded. Besides, in the statistics before 2012, 
the rubber products industry and plastic products 
industry are merged as rubber and plastic products 
industry, and the automobile manufacturing industry 
and the manufacturing industry of railroad, ship, aero-
space, and other transportation equipment are merged 
as transportation equipment manufacturing industry. 
The carbon emissions of the remaining 36 industrial 
sectors are measured and analyzed (see Table  1). 
Because of the changes in administrative divisions 
in Anhui Province during the research period, data 
of relevant areas are collected by counties, and the 
regional data are rectified on this basis.
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Data model

Improve the measurement method of carbon emissions This 
paper adopts the carbon emission coefficient method proposed 
by IPCC 2006 to measure carbon emissions from industrial 
sectors in Anhui Province. This IPCC-proposed method, 
however, defaults the energy conversion rate to 1, which does 
not fully take into account that when  CO2 is emitted, indus-
trial enterprises will adopt certain processes to recover a fixed 
part of  CO2. As a result, the carbon emissions calculated by 
this method are more than the actual emissions. For example, 
Anhui Jinmei Jinlongyuan Chemical Co., Ltd. makes spe-
cial industrial-grade and food-grade  CO2 via recycling and 
purifying, while reducing  CO2 emissions by 50,000 tons per 
year, a decrease of 83.3%. To estimate carbon emissions more 
accurately, the formula of the IPCC method is improved in 
this paper. See Formula 1.

Ci is the total carbon emissions of industry i; Cij is the car-
bon emissions of energy j in industry i; Eij is the total con-
sumption of energy j in industry i; Hj is the carbon emission 

(1)Ci =
∑

j

Cij =
∑

j

Hj × Eij × Ki × (1 − Ri)

coefficient of energy j; Ki is the carbon oxidation rate; and 
Ri is the carbon sequestration coefficient. Based on the avail-
ability of data, this paper selects 14 types of energy, including 
coal, cleaned fine coal, other cleaned coal, coal products, coke, 
crude oil, gasoline, diesel, natural gas, and bioenergy, for cal-
culation. The carbon emission coefficients defined by IPCC are 
based on calorific values. Since different energy sources have 
different calorific values, and different countries or regions 
have different calorific values for the same type of energy, the 
carbon emission coefficients used in this paper take the calo-
rific values of different energy sources in China as the bench-
mark for calculation, i.e., the average low heating value (LHV) 
of different types of energy given in China Energy Statistical 
Yearbook. The calculation method is shown in Formula 2.

In Formula 2, Hj is the carbon emission coefficient of 
energy j, Hkj is the carbon emission coefficient of energy j 
given by IPCC in kg C/GJ, and Lj is the average LHV of energy 
j in GJ. Carbon emission coefficients and carbon oxidation 
rate and carbon sequestration coefficient are shown in Table 2, 
where the carbon oxidation and sequestration rates are cited 
from references Zhao (2012) and Wang (2017), respectively.

(2)Hj = Hkj∕Lj
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Formula 1 calculates carbon emissions of regional indus-
trial sub-sectors. In order to measure the regional carbon 
efficiency, this paper adopts the indicator of carbon emission 
intensity, i.e., carbon emissions per 10,000 yuan of GDP, in 
tons per 10,000 yuan.

LMDI data modeling As a common analytical tool in the 
field of energy economics, the index decomposition method 
decomposes aggregate changes into the incremental contri-
butions of multiple dependent variable indicators based on 
different weight values (Ang  2004). The LMDI approach 
has become the most widely used index decomposition 
method due to its advantages of complete decomposition, no 
residuals, and allowing zero-valued data (Ang et al. 1998). 
In this paper, the LMDI decomposition method is used as 
the basis for building a data model to measure the contri-
bution of different influencing factors to carbon emission 
changes (see Formula 3).

In Formula 3, Ci is the carbon emissions of sector i, Ei is 
the total energy consumption of sector i; Ui = Ei/Gi, which rep-
resents the energy consumption per unit of industrial output 
value in sector i, i.e., energy use efficiency. Si = Gi/G, which 
represents the share of industrial output value of sector i in 
total industrial output value, i.e., industrial structure. P = G/P, 
i.e., per capita GDP. I is the population size. From this, the 
changes in industrial carbon emissions in period t relative to 
the base period (period 0) can be decomposed as follows.

(3)C
i
=
∑

C
i
=
∑

(
C
i

E
i

×
E
i

G
i

×
G

i

G
×

G

P
× P) =

∑

(H
i
× U

i
× S

i
× P × I)

In Formula (4) is the industrial carbon emissions in period 
t and is the industrial carbon emissions in the base period; 
ΔCH, ΔCU, ΔCS, CP, and ΔCI represent the contribution rates 
to carbon emission changes by carbon emission coefficient, 
energy use efficiency, industrial structure, industrial output 
per capita, and total population, respectively. Among them, 
the carbon emission coefficient H of each energy source is 
relatively stable, so its influence on carbon emission changes 
can be ignored, i.e., ΔCH = 0.

For the contribution rates of each of the above influenc-
ing factors to carbon emission changes, the formula is as 
follows.

Meanwhile, the indicator of the contribution rate is calcu-
lated by Formula 6. The indicator can help compare the dif-
ferences in the contribution of the influencing factors among 
different types of industries because it excludes the differ-
ences in the volume of carbon emissions of each industry. 

(4)
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)
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Table 1  Numbers of 36 industrial sectors

Number Industry Number Industry

SEC01 Coal mining and washing SEC19 Pharmaceutical manufacturing
SEC02 Ferrous metal mining SEC20 Chemical fiber manufacturing
SEC03 Non-ferrous metal mining SEC21 Manufacturing of rubber and plastic products
SEC04 Non-metal mining SEC22 Manufacturing of non-metallic mineral products
SEC05 Agricultural products processing SEC23 Ferrous metal smelting and pressing
SEC06 Food manufacturing SEC24 Non-ferrous metal smelting and pressingc
SEC07 Beverage manufacturing SEC25 Metal products manufacturing
SEC08 Tobacco manufacturing SEC26 General purpose equipment manufacturing
SEC09 Chemical fiber manufacturing SEC27 Special purpose equipment manufacturing
SEC10 Textile and apparel SEC28 Transportation equipment manufacturing
SEC11 Manufacturing of leather, fur, feathers, and their products and footwear SEC29 Electrical machinery and equipment manufacturing
SEC12 Wood processing and manufacturing of wood, bamboo, rattan, palm, 

grass products
SEC30 Manufacturing of computer, communications, and other 

electronic equipment
SEC13 Furniture manufacturing SEC31 Instrument manufacturing
SEC14 Paper and paper products manufacturing SEC32 Other manufacturing
SEC15 Printing and recording media reproduction SEC33 Comprehensive utilization of waste resources
SEC16 Manufacturing of education, industry, sports, and recreational products SEC34 Production and supply of electric and heat power
SEC17 Oil, coal, and other fuel processing SEC35 Gas production and supply
SEC18 Manufacturing of chemical raw materials and chemical products SEC36 Water production and supply
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In this study, the LMDI formula is used for data modeling to 
decompose the factors behind the year-by-year carbon emis-
sion changes of various regional industrial sectors, and the 
contribution rates of each influencing factor are calculated.

Data application

In this paper, a method of carbon emission measurement and 
factor analysis is proposed to optimize the regional indus-
trial carbon emissions by taking for example the research 
on carbon emission measurement and the low-carbon path 
of regional industry. The specific application of the method 
is shown in Fig. 2.

The first step collects various data such as regional indus-
trial energy consumption and output value and processes 
the data. The second step improves the IPCC EF method by 
considering the regional resource endowment and the actual 
industrial carbon emissions to measure the regional carbon 
emissions and carbon efficiency. It can effectively distin-
guish the carbon emissions and carbon emission intensity 
of different regions and industrial sectors, and screen out 
regions and sectors that need to be focused on. In order to 
further analyze the influencing factors of carbon emission 
changes, based on the calculation of carbon emissions, the 

(6)D
U
=

ΔC
U

C
0

i

D
S
=

ΔC
S

C
0

i

D
P
=

ΔC
P

C
0

i

D
I
=

ΔC
I

C
0

i

study uses LMDI to build a model to analyze the contribu-
tion rate of influencing factors to the changes in regional 
carbon emission. The third step, based on the measurement 
of regional industrial carbon emissions, carbon emission 
efficiency, and major influencing factors, puts forward policy 
suggestions for regional low-carbon paths.

Case study

Case study background

Anhui Province is located in East China, between 
114°54′E-119°37′E and 29°41′N-34°38′N, with a total area 
of 140,100,000  km2. The terrain consists of plains, hills, 
and mountains, gradually rising from north to south. The 
land north of the Huaihe River is flat, which is the southern 
part of North China Plain and an important grain producer 
in Anhui. Between the Huaihe River and the Yangtze River 
are the Jianghuai hills. South of the Yangtze River is the low 
hilly area of southern Anhui (see Fig. 3), which accounts for 
44.25% of the total area of Anhui. Anhui in the transition 
area between the warm temperate zone and the subtropical 
zone has four distinct seasons, a mild climate, and moder-
ate rainfall.

Anhui is an important part of the Yangtze River Delta 
for it is a strategic hub in China’s economic growth and 

Fig. 2  Diagram illustrating the 
steps involved in data analysis 
and application Research on Carbon Emission Measurement 

and Low-carbon Path of Regional Industry

IPCC

Factor method
LMDI

Data processingData acquisition

Carbon emission 

and efficiency
Influence factor

Step One

Step two

Step three Policy suggestions on improving regional 

industrial ecological efficiency
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joins several major economic sectors in China. In 2019, 
Anhui, with a permanent population of 63.659 million, had 
a total output value of 3,711.398 billion yuan, of which 
the industrial output value was 1,145.485 billion yuan, 
accounting for 30.86% of Anhui’s total. The total indus-
trial output value and its proportion in the province’s total 
output value respectively ranked 11th and 16th among the 
31 provincial administrative regions in mainland China. 
As a big energy consumer in central China, China has 
seen a fast increase in industrial energy consumption since 
2004. According to Anhui Statistical Yearbooks, the total 
energy consumption of the province increased from 94.14 
million tons of standard coal in 2010 to 138.7 million tons 
in 2019, with an average growth rate of about 4.4%, which 
ranked 14th among provinces and regions in mainland 
China. From 2010 to 2019, the average share of industrial 
energy consumption in Anhui is 69%. It is estimated that 
the annual average of industrial carbon emissions in Anhui 
reached a huge amount of 110 million tons in the past 
10 years. Therefore, this paper chooses Anhui Province as 
the research object of carbon emission measurement and 
low-carbon path optimization of regional industry. In this 
context, a comparative analysis of carbon emissions and 
carbon intensity in Anhui and Anhui cities is important for 
carbon reduction and the formulation of energy policies 
and the 14th Five-Year Plan.

Results

Analysis of industrial energy consumption structure 
in Anhui Province

Anhui is rich in coal. Its cities of Huainan and Huaibei are 
important coal bases in China, which are responsible for 
stably and reliably supplying energy to Anhui Province 
and even the Yangtze River Delta, which greatly affects the 
energy production and consumption structure of Anhui. 
From 2010 to 2019, the total industrial consumption of 
fossil and biological energy in Anhui was 1.515 billion 
tons of standard coal, with an average annual consumption 
of 152 million tons of standard coal, accounting for 66% 
of Anhui’s total energy consumption (see Fig. 4). Among 
the industrial energy consumption, the average annual 
consumption of raw coal was equivalent to 118 million 
tons of standard coal, and its total in the past 10 years 
was 1.179 billion tons, ranking first in all kinds of energy, 
accounting for 78% of the total consumption of fossil and 
biological energy for industrial use in Anhui, which, com-
bined with cleaned fine coal and coke, reached as high as 
92%. This indicates clearly a coal-based energy consump-
tion structure, and the use of clean energy needs to be 
strengthened (see Fig. 4). Coal-based fossil energy has 
long dominated Anhui’s energy structure, which means 
that a very big challenge lies ahead to achieve the carbon 

Fig. 3  Overview map of the researched area
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reduction target. In order to achieve the low-carbon trans-
formation of energy structure under carbon reduction, it 
is necessary to accelerate the adjustment of the primary 
energy structure and significantly increase the proportion 
of clean energy consumption.

Comparative analysis of total carbon 
emissions and carbon emission intensity 
by sub‑sectors

After Formula 1 calculations, the industrial sectors in Anhui 
are divided into four categories according to their annual 
average carbon emissions and carbon emission intensity 
ranging from 2010 to 2019 (see Fig. 5, Table 1). The first 
category represents high carbon emissions and carbon emis-
sion intensity. Among the industrial sectors in Anhui in the 
last decade, the sector of production and supply of electric 
and heat power ranks first in terms of carbon emissions and 
carbon emission intensity. The carbon emissions were 35.13 
million tons per year, accounting for 32% of the total car-
bon emissions in Anhui, and the carbon emission intensity 
is 7.35 tons per 10,000 yuan GDP. Followed are the sector 
of coal mining and washing and the sector of smelting and 
pressing of ferrous metals, respectively. The average annual 
carbon emissions of these three sectors totaled 71.205 mil-
lion tons, accounting for 64.86% of the total industrial car-
bon emissions in Anhui. The total carbon emissions of the 
11 sectors in the first category were 99.44 million tons, 
accounting for 90.57% of the total industrial carbon emis-
sions (see Table 3). The second category includes 7 sec-
tors such as chemical fiber manufacturing, which has lower 
carbon emissions and higher carbon emission intensity. The 
total annual average carbon emissions of this category were 
1.95 million tons, but its average carbon emission intensity 
was 0.74, higher than the average of industrial sectors (see 

Fig. 5, Table 3). It shows that although the total carbon emis-
sions of some sectors are relatively not high, they still have 
a high carbon emission intensity because their output value 
is low. The water production and supply sector, for example, 
is a public service sector with strong social attributes, which 
aims to provide low-priced public necessities to society. The 
government must take into account affordability, production 
costs, and policy preferences to promote water conservation 
when setting the price of water. Therefore, it is difficult for 
the water production and supply sector to make the desired 
profit and instead requires financial subsidies from the gov-
ernment to ensure normal operations.

The third category includes seven sectors such as elec-
trical machinery and equipment manufacturing. This cat-
egory has high carbon emissions and low carbon emission 
intensity. It shows that although the third category has high 
carbon emissions, its output value is also high, so it has low 
carbon emission intensity. The fourth category includes 11 
sectors such as pharmaceutical manufacturing, with total 
carbon emissions of 1.99 million tons, accounting for only 
1.81% of the total industrial emissions (see Fig. 5, Table 3). 
The above four categories of industrial sectors reflect the 
great difference in carbon emissions among industrial sec-
tors in Anhui Province. In the context of carbon peaking and 
carbon neutrality, it is more important to focus on indus-
tries with high total carbon emissions, i.e., the first and third 
industrial sectors (Table 3).

Comparative analysis of industrial carbon 
emissions and carbon intensity in 16 regions 
of Anhui Province

Due to the differences in the natural environment, resource 
endowment, development history, total population, and city 
positioning, industrial development varies across Anhui, 

Fig. 4  Proportions of average 
annual energy consumption in 
Anhui Province from 2010 to 
2019
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Table 2  Carbon emission coefficients in Anhui Province after calculation

Energy LHV
KJ/kg

Carbon emission coefficient in 
kg C/GJ by IPCC 2006

Carbon oxida-
tion rate

Carbon sequestra-
tion rate

Carbon emission 
coefficient kg C/Mt or 
kg C/M3

Raw coal 20,908 25.8 0.98 0.3 539.43
Coke 28,435 25.8 0.98 0.3 733.62
Crude oil 41,816 20 0.99 0.8 836.32
Fuel oil 41,816 21.1 0.99 0.3 882.70
Gasoline 43,070 18.9 0.99 0.75 814.02
Kerosene 43,070 19.6 0.99 0.5 844.56
Diesel 42,652 20.2 0.99 0.6 861.96
Liquefied petroleum gas 50,179 17.2 0.99 0.8 863.53
Refinery dry gas 16,746 12.1 0.995 0.5 0.20
Natural gas 35,588 15.3 0.995 0.33 0.54
Cleaned fine coal 26,334 25.8 0.98 0.3 679.42
Other cleaned coal 8363 25.8 0.98 0.3 215.77
Coal products 17,460 25.8 0.98 0.3 450.47
Biofuel (converted to standard coal) 14,934 30.5 0.98 0.3 455.50

Fig. 5  The carbon intensity and 
carbon emissions in four catego-
ries of industrial sectors
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resulting in huge differences in energy consumption and 
carbon emissions in different regions. Between 2010 and 
2019, among cities in Anhui, Ma’anshan ranked first with 
an annual average of 14.94 million tons of total carbon emis-
sions, followed by Huaibei and Huainan, with 14.67 million 
tons and 13.84 million tons, respectively. The three together 
emitted 43.45 million tons, accounting for 48.22% of the 
province. Huangshan and Lu’an are rich in tourism resources 
because of the mountains in their territories, respectively, the 
Huangshan Mountains and the Dabie Mountains. In order 
to protect the beautiful natural environment, the two regions 
have corresponding policies to restrict the development of 
energy-intensive and high-polluting industrial enterprises, 
respectively, so the two regions have the least total industrial 
carbon emissions (see Fig. 6A).

Carbon emissions in Ma’anshan, Huainan, and Hefei 
have increased more significantly. Between 2010 and 2019, 
only five regions in Anhui—Anqing, Bozhou, Huaibei, 
Suzhou, and Tongling—had different degrees of carbon 
emission reduction in recent years (see Fig. 6B). The high-
est carbon emissions of Huaibei and Suzhou were in 2018 
in the last 10 years; Anqing, Bozhou, and Tongling had 
their highest carbon emissions in 2017. When the changes 
in carbon emissions only in the last 5 years are measured, 
Tongling, Huaibei, and Suzhou have decreased more sig-
nificantly. Especially Tongling for Tongling’s carbon emis-
sions in 2019 decreased by 40.03% from 2015. Under the 
increasingly stringent carbon emission constraint, it may 
mean that these five regions have reached a carbon peak 
and will witness carbon emission reduction in the future. 
Of course, this is subject to further verification in the com-
ing years.

The 2019 industrial carbon emission intensity in 
Anhui varied greatly among regions. Huaibei, Huainan, 

Ma’anshan, Tongling, Chizhou, and Suzhou ranked in 
the top six (see Fig. 7A). The carbon emission intensi-
ties of Huaibei, Huainan, and Ma’anshan were 4.02, 
3.86, and 2.51 tons per 10,000 yuan GDP, respectively, 
reflecting the low energy use efficiency in these regions. 
Huainan and Huaibei are among China’s 13 major coal 
bases, which produce coal not only to meet the demand 
in Anhui province but also to supply the Yangtze River 
Delta, playing an important role in ensuring a safe and 
efficient energy supply in these areas. Ma’anshan is a 
large steel production base in Anhui, with a steel out-
put of 19.03 million tons in 2019. The steel industry is 
a typical energy-intensive industry that consumes large 
amounts of energy during production. Traditional indus-
tries in Tongling, Chizhou, and Suzhou account for a high 
proportion, and the energy consumption is large, but the 
output value is limited, so the carbon emission intensity 
is relatively high. In 2019, Huangshan City had the low-
est carbon emission intensity of 0.22 tons per 10,000 
yuan GDP, followed by Chuzhou and Bozhou with 0.33 
and 0.46, respectively. Huangshan, a World Natural and 
Cultural Heritage Site and a World Geopark, is known 
for its rich natural and humanistic landscape and excel-
lent tourism management. Huangshan City, with well-
developed tourism as its leading industry, restricts the 
development of energy-intensive industries in order to 
protect the development of its tourism and therefore has 
the lowest carbon emission intensity.

See Fig. 7B for the changes in carbon emission inten-
sity by region in Anhui in the last decade. The highest 
carbon emission intensity in Anhui in the past 10 years 
is in Huaibei with an average of 3.59 tons per 10,000 
yuan GDP, followed by Huainan with an average of 3.35. 
Ma’anshan ranks third with 2.08 tons per 10,000 yuan 

Table 3  Annual average carbon emissions of various industrial sectors in Anhui Province in the last decade and their share

Sectors Carbon 
emission 
(10Kt)

% Carbon intensity Sectors Carbon 
emission 
(10Kt)

% Carbon intensity Sectors Carbon 
emission 
(10Kt)

% Carbon intensity

SEC34 3513 32.00 7.35 SEC05 100 0.91 0.24 SEC06 31 0.28 0.25
SEC01 2056 18.73 4.54 SEC28 89 0.81 0.17 SEC10 23 0.20 0.12
SEC23 1552 14.14 3.82 SEC09 88 0.80 0.45 SEC31 21 0.19 0.32
SEC22 1220 11.11 2.24 SEC30 86 0.78 0.20 SEC36 18 0.16 0.92
SEC18 744 6.78 1.49 SEC02 68 0.61 0.43 SEC15 16 0.14 0.18
SEC17 296 2.69 3.07 SEC25 57 0.52 0.21 SEC03 11 0.10 0.38
SEC24 162 1.47 0.42 SEC20 42 0.38 2.18 SEC33 10 0.09 0.11
SEC21 136 1.24 0.76 SEC19 40 0.37 0.25 SEC16 10 0.09 0.12
SEC14 110 1.00 1.63 SEC12 40 0.37 0.37 SEC11 9 0.08 0.10
SEC29 105 0.96 0.11 SEC27 38 0.34 0.11 SEC13 6 0.06 0.10
SEC35 103 0.93 0.21 SEC07 37 0.34 0.18 SEC08 5 0.05 0.02
SEC26 102 0.93 0.24 SEC04 32 0.29 0.76 SEC32 5 0.05 0.18
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Fig. 6  A Carbon emission in Anhui Province 2019, B carbon emission changes by region 2010–2019

Fig. 7  A Carbon emission intensity of Anhui Province in 2019, B carbon emission intensity changes by region from 2010 to 2019
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GDP. Huangshan City, Hefei, and Lu’an have the low-
est carbon emission intensities with 0.17, 0.37, and 0.38 
per 10,000 yuan GDP, respectively. Huainan, Ma’anshan, 
Huaibei, Tongling, etc. had different increases in car-
bon emission intensity, among which Huainan is more 
obvious. Suzhou, Fuyang, Bengbu, Hefei, Xuancheng, 
Chuzhou, and Anqing have different decreases in carbon 
emission intensity (see Fig. 7B).

It reflects that most regions in Anhui have an obvi-
ous improvement in carbon efficiency. However, the car-
bon emission intensity remains high in regions with rich 
resource endowments, and carbon emission reduction will 
still face greater pressure in the long run.

Factor decomposition of carbon emissions 
in industrial sectors in Anhui Province

Based on the above classifications, the LMDI formula is 
used to decompose factors behind the year-by-year carbon 
emission changes of the four categories of industrial sec-
tors (with 2010 as the base period), and the contribution 
rates of each influencing factor are measured. The results are 

shown in Fig. 8. Among the influencing factors, the effect of 
per capita GDP growth is the most important factor behind 
the carbon emission increase, and its contribution rates to 
carbon emissions of the four categories are relatively high, 
especially for the second and third categories, and the con-
tribution rates grew rapidly in 2019 compared to 2018. The 
factor of population size can help increase carbon emissions 
of the four categories, but its contribution rates are relatively 
low. The factor of energy use efficiency contributes nega-
tively to the carbon emissions of the four categories, and 
it contributes more to the reduction of carbon emissions, 
which is an important factor to slow down the growth of 
carbon emissions. The effect of industrial structural change 
contributes negatively to the carbon emissions of the first 
category but negatively to the other three categories with a 
higher contribution rate to the fourth category. It shows that 
industrial structural optimization and adjustment can effec-
tively reduce the carbon emissions of industrial sectors with 
high carbon emissions and high carbon emission intensity, 
but at the same time, this adjustment will increase this fac-
tor’s contribution rates to carbon emissions of the remaining 
three categories, especially the fourth category.
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Fig. 8  Contribution rates of each influencing factor to carbon emission changes in four categories of industrial sectors
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Suggestions on an optimization path 
for carbon emission and policy

Existing studies consider industrial energy consumption 
as the main source of current greenhouse gas emissions. 
In this context, it is of great significance to measure the 
carbon emissions and carbon intensity of industrial sectors 
and regions in Anhui Province and analyze the influencing 
factors for the formulation of relevant policies to achieve 
green, low-carbon development in Anhui Province. Based 
on the above research, we can draw the following three 
conclusions:

Firstly, the three industrial sectors with the highest car-
bon emissions and carbon intensity in Anhui Province in 
the past 10 years include the production and supply of elec-
tric and heat power, coal mining and washing, and smelting 
and pressing of ferrous metals, which together account for 
64.86% of the total industrial carbon emissions in Anhui. 
Secondly, the regions with the highest carbon emissions in 
Anhui Province in the past 10 years are the resource-based 
cities of Huainan, Huaibei, and Ma’anshan. Their carbon 
emission intensities have a decreasing trend in different 
degrees, which indicates that the carbon efficiency of Anhui 
has improved. Finally, the factors influencing the industrial 
carbon emissions in Anhui are mainly energy use efficiency, 
industrial structure, economic scale, and population size. 
Energy use efficiency can significantly curb carbon emis-
sions, while industrial structural optimization and adjust-
ment only curb carbon emissions of the industrial sectors 
with high carbon emissions and high carbon intensity.

Based on the above findings, this research provides the 
following suggestions for the low-carbon industrial develop-
ment of Anhui Province.

First, industrial structural changes are closely related 
to carbon emissions from energy use (Jiang et al. 2019b), 
and industrial structural upgrading is beneficial to carbon 
reduction and sustainable development (Dong et al. 2020). 
The analysis shows that the optimization and adjustment of 
industrial structure will effectively restrain carbon emissions 
of the industrial sectors with high carbon emissions and high 
carbon emission intensity. Resource-based cities in Anhui 
Province with high carbon emissions, such as Ma’anshan, 
Huainan, and Huaibei, should focus on achieving carbon 
peak and carbon neutrality, and accelerate structural trans-
formation and energy saving in the future development to 
reduce carbon emissions. For example, the output value of 
the first category of industrial sectors in Tongling decreased 
by 13.33% in 2019 compared to 2015. Tongling’s carbon 
emissions decreased by 40.03% in 2019 compared to 2015, 
effectively controlling carbon emissions through industrial 
structural upgrading and adjustment.

Second, improve energy use efficiency in key industries. 
Analysis shows that the improvement of energy use effi-
ciency will effectively curb carbon emissions. Therefore, 
the government should encourage technological progress 
and innovation by increasing investment in science and tech-
nology, establishing an effective institutional environment 
to protect technological innovation, and increasing finan-
cial investment in energy-saving technologies, thus giving 
play to technological advances in improving energy use 
efficiency. For example, Ma Steel Group in Ma’anshan has 
properly controlled coal consumption through the technical 
transformation of the large blast furnace. The company’s 
overall energy consumption per ton of steel decreased from 
601 kg of standard coal in 2015 to 560.76 kg of standard 
coal in 2020, effectively curbing carbon emissions.

Third, strengthen policy guidance. Low-carbon devel-
opment has become an increasingly important strategy 
in China, and different policies can cause an increase or 
decrease in China’s carbon emissions, so policies will play a 
leading role in carbon reduction (Song and Zhou 2021; Deng 
et al. 2017). Anhui should gradually introduce various poli-
cies to support low-carbon governance in industry, including 
laws and regulations, industrial standards, and fiscal and tax-
ation tools. The policy tool should gradually include things 
from environmental protection, energy conservation, new 
energy, and renewable energy to circular economy devel-
opment and industrial structural adjustment to build a tool 
that supports low-carbon industrial development. A stricter 
regulatory system should be established to ensure the effec-
tive implementation of low-carbon policies, measures, and 
standards. Anhui has developed a series of policy documents 
on carbon peaking and carbon neutrality, such as Guidelines 
on Strengthening the Prevention and Control of Ecological 
and Environmental Sources of Projects with High Energy 
Consumption and High Emissions formulated by the Depart-
ment of Ecology and Environment of Anhui Province.

Fourth, develop technologies for carbon capture, utiliza-
tion, and storage. Analysis shows that the sector of produc-
tion and supply of electric and heat power in Anhui Province 
is the industry with the highest carbon emissions and highest 
carbon intensity, so its carbon emission problem should be 
actively addressed. In terms of carbon capture, biological 
carbon fixation is considered an effective and economical 
means (Wang et al. 2020b). The hilly and mountainous 
areas of Anhui account for 44.25% of the province’s total 
area. Anhui has a forest coverage of 30.22%, higher than 
the national average, which has a strong carbon fixation 
capacity. In order to improve the carbon sink capacity of 
the ecosystem, Anhui plans to complete the afforestation of 
1.4 million mu during the 14th Five-Year Plan, which will 
further contribute to carbon peak and carbon neutrality.
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Discussion and suggestions on management 
practices

Compared with existing studies (Zhao et al. 2022; Peng et al. 
2020), this study has the following advantages: first, the 
research on carbon emission measurement and the low-car-
bon path of regional industry firstly improves the measure-
ment method of regional industrial carbon emissions based 
on the IPCC EF method, takes carbon emission intensity as 
the carbon emission efficiency index, measures the regional 
industrial carbon emission and carbon emission intensity, 
and divides the regional industrial sectors into four catego-
ries, which are the categories with high carbon emission and 
high carbon emission intensity, low carbon emission and 
high carbon emission intensity, high carbon emission and 
low carbon emission intensity, and low carbon emission and 
low carbon emission intensity. This calculation method is 
more accurate based on regional energy consumption char-
acteristics. Secondly, the research uses the LMDI decom-
position method to quantitatively measure the contribution 
rates of each factor to the carbon emissions of the four cat-
egories of industrial sectors. This method can effectively 
identify the carbon emissions and carbon emission intensity 
of different industrial sectors as well as their influencing 
factors, in order to explore the target of carbon reduction. 
Third, based on the accurate calculation of regional indus-
trial carbon emissions and carbon emission intensity and 
the analysis of the influencing factors of carbon emission 
changes, the research provides local governments with tar-
geted policy suggestions.

These advantages can measure regional industrial carbon 
emissions and carbon efficiency more accurately and analyze 
the factors affecting the changes in regional industrial carbon 
emissions, which provide a basis for local governments to 
formulate relevant policies according to local conditions, 
thus promoting the low-carbon development of the regional 
industry to achieve the established goals of carbon peak and 
carbon neutrality. Based on the results, the research draws 
the following conclusions.

First, to promote low-carbon development of the regional 
industry, priority should be given to the development and 
implementation of carbon-peak and carbon-neutrality poli-
cies, including laws and regulations, industrial standards, 
and green GDP accounting. A strict management system 
for low-carbon industrial development should be introduced, 
and incentives should be strengthened. Strengthening policy 
guidance can effectively drive regional industrial carbon 
reduction.

Second, to promote the low-carbon development of 
regional industry, attention should be given to the develop-
ment of technological input. Technology input is the basis 
of the low-carbon development of the regional industry. 

Technical research and investment in regional industrial 
transformation and upgrading, carbon capture and storage, 
and green energy development and utilization should be 
strengthened. This will make the low-carbon development 
of regional industry possible.

Conclusions

Industry is the world’s leading emitter, so promoting indus-
trial carbon reduction is of key significance to achieve car-
bon peak and carbon neutrality. To this end, this research 
proposes a method for research on carbon emission measure-
ment and the low-carbon path of regional industry. First, the 
research improves the IPCC EF method to accurately meas-
ure the regional carbon emissions and carbon efficiency by 
considering regional resource endowment and actual indus-
trial carbon emissions. Next, the research divides regional 
industries into four categories based on regional industrial 
carbon emissions and carbon emission intensity. Finally, 
the research uses LMDI to analyze the contribution rates 
of influencing factors to regional carbon emission changes 
so as to accurately determine the optimization target of the 
low-carbon path.

The main innovation points of this research are as fol-
lows: (1) it improves the carbon emission calculation method 
based on the IPCC EF method and provides quantitative sup-
port for the study of an optimization path for regional carbon 
emission; (2) it proposes a method to analyze the factors 
affecting the changes of regional industrial carbon emissions 
based on objective data related to industrial economy, popu-
lation, and resources; and (3) it proposes targeted policy sug-
gestions for low-carbon development of regional industry on 
this basis. This research result not only provides quantifiable 
and practical solutions for low-carbon optimization in Anhui 
Province but also provides a reference for other countries or 
regions to explore new paths for carbon reduction.

However, the LMDI decomposition method may lead to 
contradictory conclusions when different influencing factors 
are selected for the same target variable to be decomposed. 
It is also prone to the incomplete selection of factors due 
to its inherent limitations, and thus cannot analyze all rel-
evant influencing factors in their entirety. In addition, due to 
the long period and a large amount of data, the calculation 
results of some specific values may have small deviations, 
but they do not affect the conclusions of this paper. In the 
future, we will focus on the analysis of factors influencing 
carbon emissions and explore relevant analytical methods. 
We will also study the data-driven measurement and evalu-
ation method of regional carbon emissions in-depth to pro-
vide more accurate support for carbon emission control and 
optimization.
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