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Abstract: It is of great significance to study the regional differences and temporal and spatial evolution
of China’s carbon emission intensity under the carbon emissions trading mechanism, and to explore
the potential for regional emission reduction. This paper uses the Theil index and Moran index to
analyze the regional differences and temporal and spatial evolution trend of carbon emission intensity
in China from 2010 to 2019, further constructs the emission reduction effect standard of carbon
emissions trading mechanisms, discusses the emission reduction effect of the trading mechanisms,
and measures the regional emission reduction potential according to the environmental learning
curve. The results showed that: (1) China’s overall carbon emissions continued to increase, but the
carbon emission intensity showed an overall decreasing trend. There are strong regional differences
in China’s carbon emission intensity. The carbon emission intensity in the western region is higher,
and the overall regional difference is decreasing year by year. (2) China’s carbon emissions trading
mechanism has a significant reduction effect, but the total quota slack of the Tianjin, Beijing, and
Chongqing carbon emissions trading pilot markets is loose. (3) Shanghai, Shanxi, Jiangxi, Guizhou,
Inner Mongolia, and Beijing are high-efficiency carbon emission reduction provinces (more than 35%),
and Fujian and Xinjiang are low-efficiency carbon emission reduction provinces (less than 15%). It is
necessary to further develop the demonstration effect of high emission reduction potential areas and
increase the emission reduction efforts in low emission reduction potential areas.

Keywords: carbon emissions trading mechanism; spatial linkage; regional differences; emission
reduction potential

1. Introduction

The rapid growth of the global economy has led to a rapid increase in energy demand
and consumption in various countries. The energy consumption and production activities
triggered by economic development have brought about a sharp increase in total carbon
emissions, resulting in severe climate and environmental problems, and have also posed
new challenges to China’s sustainable development. Faced with such climate change,
countries around the world began to work together to deal with it. China formulates
emission reduction targets according to the actual development of each province, promotes
energy conservation and emission reduction, and actively builds an international low-
carbon image. China has gradually taken control of total carbon emissions aimed at
achieving ‘carbon neutrality’ by 2060. By summarizing the research results of scholars
on carbon emissions, it can be found that carbon emissions have certain temporal and
spatial differences, which are manifested in the regional differences in carbon emission
intensity [1,2]. The reasons for regional differences may come from the differences in the
regional economic level, technological innovation, energy consumption, and industrial
structure [3]. Due to population growth and industrialization, China’s carbon emission
intensity distribution is low in the east and high in the west [4]. The pressure for carbon
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emission reduction in the central and western regions is large, but in recent years, the gap
between the central and eastern regions has gradually narrowed. The reason is that the low-
carbon economy in the eastern and central regions has a faster transformation speed, a better
degree of development, and a higher degree of green finance development [5]. Therefore,
it is of great significance to measure the regional differences in China’s carbon emissions,
analyze the spatio-temporal evolution of carbon emissions, discuss the emission reduction
effect of the carbon emissions trading mechanism, and further analyze the potential for
regional carbon emission reduction for China to achieve emission reduction targets.

Carbon emissions trading mechanisms play a role in promoting carbon emission
reduction targets in China. Market mechanisms can reasonably and effectively allocate
carbon emission resources. Enterprises make decisions after weighing the cost of purchas-
ing carbon emission rights and upgrading low-carbon technology. The carbon trading
price and technology trading price form a supply–demand relationship. At present, China
has actively introduced market mechanisms into environmental regulation and related
policies. Since 2011, Beijing, Shanghai, and other regions have begun to establish a carbon
emissions trading market and optimize resource allocation by market trading mechanisms.
Under the market mechanism, completing quota targets through carbon emissions trading
can effectively reduce emission reduction costs. Therefore, the carbon emissions trading
mechanism is an important institutional innovation and policy tool for achieving carbon
emission reductions [6]. On the one hand, some scholars start from the carbon emissions
trading mechanism to explore whether the carbon emissions trading mechanism itself
produces carbon emission reductions. The sufficient condition for its emission reduction
effect is that the enterprises can obtain additional emission reduction effects by partici-
pating in carbon emissions trading [7]. For such studies, the carbon emissions trading
mechanism is generally regarded as an exogenous variable, and a logical relationship is
established between the total carbon emission reduction and the decline rate of the carbon
emission intensity of industries or enterprises that are included in the market. For example,
Xuan et al. [8] set the tightness of the total quota as an indicator of the emission reduction
effect of the carbon emissions trading mechanism. Xia et al. [9] used the difference-in-
differences model to analyze whether the included enterprises had emission reduction
performance. Aihua et al. [10] measured the decline of carbon emission intensity by setting
enterprises not included in the carbon emissions trading market as the control group, and
compared the emission reduction of the two groups with the overall decline in the carbon
emission intensity as a reference. In the absence of other exogenous variables, without
considering other variables that may produce carbon emission reductions, the enterprise
emission reduction rate and the non-enterprise emission reduction rate are analyzed. This
measure eliminates the external influence to the greatest extent, and measures and an-
alyzes the emission reduction performance of the carbon emissions trading mechanism
itself. Based on the existing research, it can be found that domestic and foreign scholars
analyze the level of carbon emissions in China and summarize the regional characteristics.
At the same time, the emission reduction effectiveness of the carbon emissions trading
mechanism is analyzed. However, there are few studies on the spatial-temporal evolution
of the regional carbon emission intensity and regional emission reduction potential in
China under the carbon emissions trading mechanism, which needs further exploration.
This paper introduces the measurement of carbon emission intensity, the measurement of
regional differences, and the identification method of influencing factors, and analyzes the
spatiotemporal evolution law of carbon emission intensity. On this basis, we further discuss
the impact of carbon emissions trading mechanisms on carbon emission reduction, and find
that the key elements of the mechanisms play a role in carbon emission reductions. Accord-
ingly, in the process of building a national carbon emissions trading market, it is important
to set reasonable emissions quotas, and through the carbon emissions trading mechanism,
realize regional carbon reduction potential to achieve China’s overall emission reduction
targets. The research results can provide a reference for China to formulate low-carbon
economic development and carbon emission reduction policies considering emission re-
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duction targets and regional emission reduction potential, and provide a reference for the
carbon emissions trading mechanism to actively play a role in emission reduction.

2. Research Methods
2.1. Total Carbon Emissions and Carbon Intensity Accounting

The measurement of total carbon emissions is mainly based on measurement and
calculation, which can be divided into the emission factor method, quality balance method,
and measurement [11]. The prevailing approach in existing studies is to use IPCC (The
Intergovernmental Panel on Climate Change) accounting methods or to use existing carbon
emissions estimates in existing literature studies or databases such as CEADS. However,
due to the lack of data in the database, the quality balance method is widely used to
measure the total amount of carbon emissions, but this method needs to use a large number
of material input data in the production process of enterprises as the basis for calculation.
The actual measurement method requires a large number of monitoring devices to calculate
carbon emissions, and needs to be equipped with high precision measurement devices, but
the process requires higher cost. Compared with other measurement methods, the emission
factor method is more suitable for the measurement of regional total carbon emissions. This
paper selects the emission factor method to measure the total carbon emissions.

The principle of the emission factor method is to convert different energy sources
into standard coal by converting the standard coal coefficient and obtaining the total
carbon emissions of such energy sources according to the product of the carbon emission
coefficient and total energy consumption. Ignoring the loss in the process of processing
and conversion, the total consumption of different energy sources can be converted into
total carbon emissions. The energy consumption data are from China Energy Statistics
Yearbook (2012–2020).

https://www.yearbookchina.com/navibooklist-n3020013309-1.html (accessed on
31 December 2021).

According to the energy consumption data, the standard coal coefficient, and the
carbon emission coefficient, the Formula (1) can be used to estimate the total carbon
emissions of 30 provinces in China:

Cjt = ∑ Ejst × ηS (1)

In the formula, Ejst is the first energy consumption of s type of the province j in year t;
ηs is the carbon emission coefficient of the energy of s type.

The data of carbon emission coefficients and related indicators of each energy are
shown in Table 1.

Table 1. Carbon emission coefficients and related indicators.

Type of Energy Standard Coal Coefficient
(kgcc/kg)

Carbon Emission Coefficient
(kg × c/kg)

Raw coal 0.8989 0.5183

Coke 1.3530 0.7801

Crude oil 1.4286 0.8237

Gasoline 1.4997 0.8647

kerosene 1.3835 0.7977

Diesel fuel 1.4276 0.8231

Fuel oil 1.4643 0.8443

Natural gas 1.4669 0.8458

https://www.yearbookchina.com/navibooklist-n3020013309-1.html
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Estimate carbon emissions from 30 provinces in China using Formula (1). After
calculating the total carbon emission, the carbon emission intensity of each province is
calculated according to the total regional GDP. The calculation formula is as follows:

Carbon emission intensity = ∑ Cjt/∑ Nj (2)

Cjt is the total carbon emissions of the province j, Nj is the total GDP of s province j.

2.2. Measurement of Regional Differences in Carbon Emissions in China

According to the division of China’s eastern, central, and western regions by the
National Development and Reform Commission, the difference in carbon emissions levels
between regions in China is analyzed by using the Theil entropy index. The calculation
formula is as follows:

T =
n
∑

i=1
(CEi/CE) log(CEi/GDPi

CE/GDP )

T = TBR + TWR =
3
∑

i=1
(CEi

CE ) log(CEi/GDPi
C/GDP ) +

3
∑

i=1
(CEi

CE )[∑
j
(

CEij
CEj

) log(
CEij/GDPij

Ci/GDPi
)]

(3)

Since the relevant data of the Tibet Autonomous Region are incomplete, 30 provinces
(excluding Hong Kong, Macao, Taiwan, and the Tibet Autonomous Region) in China
from 2010 to 2020 are selected as the research objects. The Fourth Session of the Sixth
National People’s Congress announced that China is divided into three regions: the east,
the middle, and the west. The east includes 11 provinces (cities) such as Beijing, Tianjin,
Hebei, Liaoning, Shanghai, Jiangsu, Zhejiang, Fujian, Shandong, Guangdong, and Hainan.
The central region includes 10 provinces (cities), including Shanxi, Inner Mongolia, Jilin,
Heilongjiang, Anhui, Jiangxi, Henan, Hubei, Hunan, and Guangxi; the western region
includes Sichuan, Guizhou, Yunnan, Tibet, Shaanxi, Gansu, Qinghai, Ningxia, Xinjiang,
and nine other provinces (cities). The formula indicates the eastern, central, and western
regions divided by the policy.

In the above formula i, denotes the region, i = 1, 2, 3; GDPi denotes the GDP of region i;
CEi is the total carbon emissions of the region i; CE is the total national carbon emissions;
CEij and GDPit are the total carbon emissions and gross national product of the province j
within the region i, respectively. Ci is the total amount of carbon emissions in the region i,
T represents the overall carbon emission intensity gap in China, Twr represents the carbon
emission intensity gap in a certain region, and Tbr represents the carbon emission intensity
gap between different regions.

2.3. Identification of Factors Affecting Carbon Emissions

Spatial econometric models are usually used to study the spatial interaction between
regional economies and geography. By reviewing and summarizing the research litera-
ture on the influencing factors of carbon emissions, it is found that many scholars have
quantitatively analyzed the influence of regional location and spatial correlation factors on
economic development, and established a regional model for identification [12–15]. In the
construction process of the national carbon emissions trading market, Ye et al. [16] pointed
out that in China’s carbon emissions trading mechanism, for the allocation of quotas, the
spatial correlation analysis model can be established to comprehensively consider the basis
and linkage of carbon emission reductions among different regions in China, and to pay
attention to the important influence of spatial differences on carbon emission reductions.

The spatial econometric model is used to analyze the spatial cluster effect of carbon
emissions and explore the influencing factors of regional differences in carbon emissions.
By summarizing the research of scholars in China and abroad on the factors affecting
carbon emissions, the following explanatory variables are preliminarily set:
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2.3.1. Economic Development Level

GDP reflects the level of regional economic development. Taking 2000 as the base
period, per capita GDP from 2011 to 2019 is calculated as a variable to measure the level of
economic development, which is expressed as GDP. Regions with higher economic levels
may undertake greater emission reduction tasks [17–19].

2.3.2. Energy Consumption

Coal is the main source of carbon emissions, and the proportion of coal consump-
tion has an important impact on the total carbon emissions. At the same time, China’s
industrialization process has caused a high dependence on fossil energy, making the total
carbon emissions higher [20,21]. Therefore, the total consumption of fossil energy is set to
represent the variable of energy consumption, which is expressed as EC.

2.3.3. Environmental Regulation

In the face of carbon emission reduction targets, the Chinese government vigorously
promotes the emission reduction process, and rapidly develops and standardizes the
carbon emissions trading mechanism. Porter’s hypothesis first pointed out the role of strict
environmental regulation intensity in promoting carbon emission reductions. Referring to
Rigby and Young [22,23], the natural logarithm of the cumulative number of environmental
standards and environmental regulations issued in various provinces was used as a variable
representing environmental regulation, which was expressed as ER.

2.3.4. Industrial Structure

The adjustment of industrial structures has great potential for carbon emission reduc-
tion. Scholars have confirmed through research that the industrial structure in a specific
region is determined by the advantages of the region and the overall requirements and
evolution of the national economic spatial layout. Through the industrial transfer and
division of labor between regions, the relative disadvantage of the industry in the region
is transformed into an advantage, and the evolution of the regional industrial structure is
realized [24]. China’s industrial structure presents a high proportion of energy-intensive
industries. Under the guidance of macroeconomic policies, the pursuit of energy con-
servation, and environmental protection industry highlights, the government promotes
industrial restructuring, the pursuit of new industrialization, and high-tech industries and
development [25,26]. However, attention should be paid to the control of investment and
project expansion in high-tech industries in the process of industrial transformation to
prevent increased energy consumption. The proportion of high-tech industry income in
regional GDP is taken as the industrial structure variable, which is expressed as IS.

2.3.5. Low-Carbon Technology Innovation

The improvement of low-carbon technology innovation plays a very important role in
carbon emission reduction. Based on the existing research, this paper measures the low-
carbon technology innovation of enterprises, comprehensively considers the R&D ability,
manufacturing ability, and output ability of enterprises, selects the number of low-carbon
patents of enterprises to represent the R&D ability of enterprises, conducts crawlers in the
patent database, and measures the low-carbon technology innovation with the number
of low-carbon technology patents under the CPC-Y02 patent classification system [27].
The retrieval time is 15 October 2020, and the retrieval formula is (CPC = (Y02) AND
(PNC = (‘CN’)). According to the year and the ownership of the enterprise, the manual
classification is expressed as INOV.

2.3.6. Carbon Emissions Trading Mechanism

The direct path from carbon emissions trading mechanisms to carbon emission reduc-
tions is reflected in setting the total carbon emissions quota target and forming emission
reduction constraints on key emissions units through the continuous development of car-
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bon emissions trading mechanisms and the construction and operation of the national
carbon emissions trading market. This is conducive for the pilot cities to achieve carbon
emission reduction targets and drive carbon emission reduction in the surrounding areas.
China has gradually established and developed a pilot market for carbon emissions trading
since 2011, and started to build a national carbon emissions trading market at the end
of 2017. The carbon emissions trading mechanisms are committed to the completion of
China’s emission reduction targets, the reduction in the cost of carbon emission reduction in
the production process of enterprises, and the attraction of more enterprises to participate
in carbon trading. The carbon emissions trading mechanisms are an important system and
policy tool for controlling the total amount of carbon emissions and encouraging enterprises
to implement low-carbon technologies. The total trading volume of China’s 30 provinces
and cities participating in the pilot market of carbon emissions trading is taken as the
carbon emissions trading mechanism variable, expressed as ETS.

2.4. Spatial-Temporal Correlation Analysis of Regional Carbon Emissions in China
2.4.1. Global Spatial Autocorrelation Analysis

Global spatial autocorrelation analysis can be used to study the spatial characteristics
of an attribute value in the whole region. Therefore, the Moran index is used to reveal the
similarity of unit attribute values in adjacent spaces. So, we use the Moran index to test
the global clustering and analyze the similarity, difference, and independence of carbon
emissions in neighboring regions. The global Moran’s index is defined as follows:

I =
n

n
∑

i=1

n
∑

j=1
wij(xi−x)(xj−x)

n
∑

i=1

n
∑

j=1
wij

n
∑

i=1
(xi−x)2

=

n
∑

i=1

n
∑

j 6=1
wij(xi−x)(xj−x)

S2
n
∑

i=1

n
∑

j=1
wij

x = (1/n)×
n
∑

i=1
xi

(4)

where n is the total number of areas in the study area; xi and xj are observations of region i
and region j, respectively; wij is the element in the spatial weight matrix, which measures
the distance between the region i and region j. 30 provinces (excluding Hong Kong, Macao,
Taiwan, and the Tibet Autonomous Region) in China from 2010 to 2020 are selected.

The space weight matrix is Wij, j = 1, 2, ..., n. i = 1, 2, ..., 30. Wij = 1/dij.

yi =
t

∑
t=t0

yit/(t− t0 + 1)

Wij =


1∣∣∣yi−yj

∣∣∣ i 6= j

0, i = j


(5)

In the formula, yit represents the value of the variable in year t of the spatial unit i,
that is, yi represents the annual average of the variable of unit i.

2.4.2. Geographically Weighted Regression Model

The geographically weighted regression (GWR) model introduces the geographical
location of the data into the regression parameters, and uses the sub-sample data of adjacent
observations to regress locally. The estimated parameters change with the change in the
spatial location, and objectively reveal the difference in the driving factors of the research
object with the change in the spatial location. The model is as follows:

yi = β0(µi, θi) +
n

∑
i=1

β j(µi, θi)xij + εi (6)

In Formula (6): yi is the n× 1 dimension explanatory variable, xij is the n× j dimension
explanatory variable matrix, βj(µi,θi) is the regression coefficient of the factor j at the
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regression point i, (µi,θi) is the latitude and longitude coordinates of the sample point i,
εi is a random error term obeying the variance constant. The GWR model uses weighted
least squares (WLS) to estimate the parameters of each observation point, and the i-point
regression parameter β’(µi,θi) is:

β′(µi, θi) = (XTWijX−1)XTWijY (7)

To overcome the discontinuity of the spatial weight function, a Gaussian function is
used to determine the weight function. See Formula (7):

wij = exp[−(
cij

b
)

2
] (8)

In Formula (8), cij is the direct distance between sample i and j, b is the bandwidth,
and wij is the parameter of the size of the spatial region where the sample data are located.
The larger b is, the larger the spatial range of the sample is.

In this paper, we refer to the minimum information (AIC) criterion proposed by
Fotheringham et al. [28] to calculate the bandwidth, as shown in Formula (9):

AICc = 2iIn(σ) + iIn(2Π) + i
i + tr(s)

i− 2− tr(S)
(9)

In Formula (9): σ is the standard error of the error estimation, tr(s) is the function
of bandwidth, and is also the trace of matrix s. The minimum AIC bandwidth is the
optimal bandwidth.

3. Results and Analysis
3.1. Measurement Results of Carbon Emissions
3.1.1. Provincial Carbon Emissions and Intensity

According to Formulas (1) and (2), the total carbon emissions and carbon emission
intensity of 30 provinces in China in 2020 are calculated. The distribution of total carbon
emissions and carbon emission intensity in 30 provinces in China in 2020 are shown in
Figures 1 and 2.

The results show that there are still obvious regional differences in carbon emission
intensity among different provinces in China. Inner Mongolia’s total carbon emissions
and carbon emission intensity are high, with its total carbon emissions being as high as
935.544 million tons, while Ningxia’s total carbon emissions is in the middle level, but its
carbon emission intensity is as high as 6.244, leading the country. The reason is that the total
GDP of Ningxia province is relatively backward, and the utilization efficiency of energy is
not high. The carbon emission intensity of the Beijing, Shanghai, and Guangdong carbon
emissions trading pilot areas is low, and the Chongqing carbon emissions trading pilot
market, as the only carbon emissions trading pilot market in the western region, has an
especially low carbon emission intensity, taking a leading position in the country. Therefore,
the emission reduction effect of carbon emissions trading mechanisms is obvious, and
it should further play a leading role in other provinces and cities in the western region.
According to China’s regional division, the total carbon emissions and carbon emission
intensity differences in the eastern, central, and western regions were analyzed. According
to the data of the “China Energy Statistical Yearbook” and “China Statistical Yearbook”,
the corresponding regional carbon emissions and carbon emission intensity data calculated
by the energy consumption and carbon emissions coefficients of each region are shown
in Table 2.
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Table 2. Total Regional Carbon Emissions and Carbon Emission Intensity in China in 2020.

Region Total Carbon Emissions
(10,000 tons)

Carbon Intensity (10,000
tons/10,000 yuan)

National 1,197,270.39 1.178

East 543,870.47 1.130

Central 423,242.11 1.909

West 230,157.81 2.082

The difference between the carbon emission intensity of the western region and other
regions shows a gradual narrowing trend, and the carbon emission intensity of the western
region has had a large decline since 2016, indicating that the carbon emissions efficiency
of the western region of China has improved in recent years and the effect is remarkable.
However, the relatively higher carbon emission intensity in the western region is still an
important reason for the slow decline of China’s overall carbon emission intensity.

3.1.2. Regional Difference Analysis of Carbon Emissions in China

This paper selects the total carbon emissions and GDP data of 30 provinces in China
from 2010 to 2020 and calculates the Tell entropy index of regional carbon emission intensity
according to Formulas (2) and (3), as shown in Table 3.

Table 3. Theil entropy index of regional carbon emission intensity.

Whole T Inter-Regional TBR
Intra-Regional TWR

East Middle West

Year Value Value Rate Value Rate Value Rate Value Rate

2010 0.1665 0.0196 11.77% 0.0485 29.13% 0.0547 32.85% 0.0437 26.25%

2011 0.1637 0.0183 11.18% 0.0553 33.78% 0.0379 23.15% 0.0522 31.89%

2012 0.1612 0.0268 16.63% 0.0682 42.31% 0.0343 21.28% 0.0319 19.79%

2013 0.1648 0.0355 21.54% 0.0468 28.40% 0.0511 31.01% 0.0314 19.05%

2014 0.1761 0.0297 16.87% 0.0637 36.17% 0.0396 22.49% 0.0431 24.47%

2015 0.1625 0.0314 19.32% 0.0369 22.71% 0.0465 28.62% 0.0477 29.35%

2016 0.1602 0.0376 23.47% 0.0695 43.38% 0.0336 20.97% 0.0195 12.17%

2017 0.1683 0.0458 27.21% 0.0815 48.43% 0.0218 12.95% 0.0192 11.41%

2018 0.1656 0.0523 31.58% 0.1047 39.07% 0.0325 19.63% 0.0161 9.72%

2019 0.1621 0.0435 26.84% 0.1013 43.99% 0.0294 18.14% 0.0179 11.04%

2020 0.1623 0.0436 26.86% 0.0835 51.45% 0.0216 13.31% 0.0136 8.38%

From Table 3′s data, it can be found that 2014 is a turning year for carbon emission
intensity in China. In 2014, the Theil index of China’s carbon emission intensity reached its
highest value, that is, the largest inter-regional difference in China’s overall carbon emission
intensity. After 2014, China’s overall carbon emission intensity gap TP and regional carbon
emission intensity gap Twr showed a downward trend, and the regional carbon emission
intensity gap Tbr showed an increasing trend year by year. Since 2011, eight pilot carbon
emissions trading markets in China have established and formulated emissions quotas
and encouraged regions to increase emission reduction efforts. The trade between quotas
reduces the difference in carbon emission intensity within the region. At present, cross-
regional transactions cannot be carried out among the pilot markets of carbon emissions
trading in China. However, with the establishment of the national carbon emissions trading
market and the continuous maturity of the CCER project, the difference between groups
may have a decreasing trend. Further reducing the inter-regional carbon emissions gap
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becomes the main task of reducing the carbon emission intensity gap. In the future, further
integrating more industries through the national carbon emissions trading market and
actively promoting the cooperation of CCER projects to narrow the interregional gap will
be the direction of future carbon emissions trading mechanisms.

3.1.3. Emission Reduction Analysis of Carbon Emissions Trading Markets

China has gradually established and developed a pilot market for carbon emissions
trading since 2011 and started to build a national carbon emissions trading market at the
end of 2017. The carbon emissions trading mechanism is committed to the completion of
China’s emission reduction targets, driving China’s low-carbon technology innovation and
industrial structure upgrading, reducing the cost of carbon emission reductions, and at-
tracting more enterprises to participate in carbon emission reduction. The carbon emissions
trading mechanism is an important system and policy tool to control the total amount of
carbon emissions and encourage enterprises to implement low-carbon technology. The
impact on low-carbon technology comes from a cost-saving incentive mechanism. En-
terprises incorporated in the Carbon Emissions Trading System (ETS) have legal carbon
emission rights to a certain extent, based on government-issued carbon emission rights
with quotas or emissions permits. After analyzing the regional measurement and spatial-
temporal evolution of China’s carbon emissions, this paper focuses on the carbon emissions
trading mechanism.

The control period and the experimental period are calculated based on the above
formula. Since the industry is the main resource of carbon emissions and the data are
relatively complete, we choose industrial energy consumption and industrial added value
(Table 4) to analyze. The unit of energy consumption is ‘ten thousand tons of standard coal’,
while the unit of energy consumption is ‘billion yuan’.

Table 4. Industrial energy consumption and industrial added value of seven pilot carbon emissions
trading markets in China.

Region

Energy Consumption Industrial Added Value

Control Period Experimental Period Control Period Experimental Period

2001 2010 2011 2020 2001 2010 2011 2020

Shenzhen 2967 3206 3341 3568 2235.23 4233.22 5228.78 7199.47

Beijing 5522 6954 6995 11,928 1707.04 2763.99 3048.79 3710.88

Shanghai 8225 11,201 11,270 13,356 4036.85 6536.21 7208.59 7162.33

Guangdong 17,921 26,908 28,480 37,090 10,489.73 21,462.72 24,649.6 30,259.49

Tianjin 4085 6818 7598 11,928 1957.95 4410.85 5430.84 6982.66

Hubei 10,082 15,138 15,138 38,173 2478.66 6726.53 8538.04 11,532.37

Chongqing 4943 7856 8792 15,763 1293.81 3697.83 4690.46 5557.52

According to the key elements of the carbon emissions trading mechanism, this
paper explores whether the carbon emissions trading mechanism forms carbon emissions
constraint behavior for the included enterprises, to analyze the regional emission reduction
in China under the background of the carbon emissions trading mechanism and then
explore the potential for regional emission reductions.

3.2. Identification Results of Carbon Emissions’ Influencing Factors

Given the availability of data, the data for 2011–2019 are derived from the ‘China
Statistical Yearbook’, ‘China Energy Statistical Yearbook’, etc. In the space fixed effect
model and time fixed effect model, ρ values are greater than 10%, so accepting the original
hypothesis, the model can be simplified. The combined LM Test is in Table 5.
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Table 5. Four Effect Setting Results of SAR Panel Model.

Variable No Fixed Effect Space Fixed Effect Time Fixed Effect Double Fixed Effect

lnGDP
0.0318 0.0627 0.427 ** 0.0638

(0.0725) (0.0497) (1.9287) (0.2488)

lnEC
0.4042 * 0.9034 * 1.5354 *** 0.8109 *

(56.2478) (5.1472) (3.1497) (2.3856)

lnER
−0.1238 * −0.0737 −0.1016 ** −0.0835

(−3.8794) (−1.306) (−1.6476) (−1.1864)

lnINOV
−0.0517 −0.2488 −0.3118 ** −0.2587

(−1.4258) (−1.3831) (−2.4924) (−1.2379)

lnIS
−0.0235 * −0.0727 −0.5862 * −0.1489

(−1.0268) (−1.2388) (−2.3871) (−0.0735)

lnETS
−0.0186 −0.0194 −0.0281 ** −0.0194

(−1.1835) (−1.3527) (−1.3946) (−1.2784)

W × dep.var.
0.0574 * −0.0797 0.0827 −0.1163

(2.8248) (−1.2821) (4.2086) (−1.3185)

σ2 0.0237 0.0164 0.0298 0.0148

R2 0.9413 0.9289 0.9352 0.9296

logl 195.18 162.31 179.18 171.38

Note: Each coefficient in parentheses is the t value of the estimator, ***, **, * represent 1%, 5%, and 10% significant
levels, respectively.

The results of Table 4 show that in the time fixed effect model, the influence factors are
more obvious. Therefore, the time fixed effect model is selected for analysis. The results
show that the coefficients of lnGDP and lnEI are positive. Economic growth and energy
consumption are the main factors affecting carbon emissions. Further improvements can
be made in renewable energy technologies, infrastructure construction, and related energy
saving policies. Higher demand for energy consumption, in the short term, should further
reduce energy intensity.

The coefficients of lnER, lnINOV, lnIS, and lnETS are negative, so we can see that
low-carbon technological progress is a direct means to achieve carbon emission reduction
targets. With the continuous deepening of carbon emission reduction processes and the
relative balance of industrial structures, improving energy efficiency with scientific and
technological progress has become one of the main means and objectives of carbon emis-
sion reduction in China, and scientific and technological progress depends largely on the
government‘s large investment in resources, thus helping enterprises reduce the cost of
developing emission reduction technologies. The development of high-tech industry is
conducive to the realization of carbon emission reduction targets in China. However, at
present our country’s industrial structure still displays a large proportion of high energy
consumption industries. Under the guidance of national macroeconomic policies, the
development requirements of energy-saving industries are increasing. In order to promote
the optimization and upgrading of industrial structures and to actively pursue new in-
dustrialization and high-tech, local governments will have a positive impact on carbon
emission reduction in the long run. However, it should be noted that in the process of
industrial transformation, the investment and project expansion of high-tech industries
should be controlled to prevent the energy consumption caused by blind development. The
industrial structure has obvious spatial spillover effects. Due to the dynamic development
of industrial structures, the industrial structure between regions has also produced corre-
sponding guidance. Carbon emission reduction is an important goal of carbon emissions
trading mechanisms. Carbon emissions trading mechanisms are committed to solving the
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problem of excess carbon emissions, which has an important impact on carbon emission
reduction and regional low-carbon economic transformations.

3.3. Analysis of the Spatial-Temporal Correlation Results of China’s Regional Carbon Emissions
3.3.1. Global Spatial Autocorrelation Analysis

The spatial correlation degree of carbon emission intensity in 30 provinces of China
from 2011 to 2019 was analyzed. Table 6 is the global Moran’s index of carbon emission
intensity in 30 provinces of China from 2011 to 2019.

Table 6. Moran Index 2011–2019.

Year Moran’s I p Value Z Value Year Moran’s I p Value Z Value

2011 0.2163 0.0096 2.6943 2016 0.2647 0.0072 2.4573

2012 0.2025 0.0153 2.2593 2017 0.2183 0.0163 2.5216

2013 0.2537 0.0082 2.7631 2018 0.1947 0.0051 2.6011

2014 0.2354 0.0125 2.5327 2019 0.2235 0.0172 2.3259

2015 0.2265 0.0192 2.2864 — — — —

From Table 6, we can see that China’s carbon emissions have a more significant
positive autocorrelation in space. Considering the characteristics of the time period, China
has established a pilot market for carbon emissions trading since 2011. 2015 is the time
point when the carbon emission intensity turns. Therefore, the cross-sectional data for
2011, 2015, and 2019 are selected. Based on the relevant statistical data, the LISA (Local
Indicators of Spatial Association) diagram of the carbon emission intensity level of each
province in China is obtained by using ArcGIS software. It reflects the local indicators of
spatial connection, it explains whether there is agglomeration in the study area, including
high and high agglomeration (H–H), high and low agglomeration (H–L), low and high
agglomeration (L–H), and low and low agglomeration (L–L), as shown in Figures 3–5.
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In 2011, Xinjiang province’s (orange area) carbon emissions level were higher, but at
the same time, the carbon emissions level of Xinjiang’s surrounding areas was higher. In
2015, with the continuous development and change in the economy, the distribution of
carbon emission intensity in China has changed. The ‘high area’ has gradually changed
from Xinjiang to Inner Mongolia (Orange area) and Ningxia (Uner Inner Mongolia), which
belong to the western region of China. In 2019, the carbon intensity of China’s ‘low region’
further expanded, and the carbon reduction effect is obvious. At the same time, the ‘high
and low regions’ and ‘low and high regions’ of carbon emission intensity experienced
little change. In the context of the rapid and healthy development of China’s economy,
we should further promote the effect of carbon emission reduction, accelerate the transfer
from science and technology to productivity, and realize the regional and national carbon
emissions peak as soon as possible.

3.3.2. Geographically Weighted Regression Analysis

It can be seen from Section 3.3.1 that the global Moran index of carbon emissions in
2011, 2015, and 2019 shows a trend. Therefore, the cross-sectional data of 2011, 2015, and
2019 are selected for analysis. The results are shown in Table 7. The adjusted R2 reaches
more than 90%, and the fitting effect is good.

Table 7. Overall estimation results of the GWR model.

Year R2 Adjusted R2 Residual Sum
of Squares Bandwidth AICc

2011 0.918 0.912 7.347 1,336,542.574 64.695

2015 0.925 0.919 6.873 1,479,866.374 61.629

2019 0.909 0.907 5.994 1,358,497.464 54.793

The regression coefficients of the explanatory variables in 2011, 2015, and 2019 were
calculated to analyze their spatial evolution trends.

(1) Changes in the regression coefficients of economic development levels
The regression coefficients of the economic development level in 2011, 2015 and 2019

are shown in Figures 6–8.
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From the impact of the level of economic development on carbon emissions, the
carbon emissions regression coefficient for per capita GDP in most provinces and cities is
positive, and only a small number of provinces and cities have a negative impact on carbon
emissions. That is, the relationship between economic development and carbon emissions
in most regions has not yet entered the inflection point of the environmental Kuznets curve.
With the improvement of economic development, the task of carbon emission reduction is
still severe. The provinces with positive regression coefficients are mainly concentrated in
Inner Mongolia, Henan, Hebei, and Heilongjiang. The carbon emissions of these provinces
increase with the increase in per capita GDP, mainly because these areas still take energy
consumption as the main mode of economic growth, resulting in carbon emissions increases
with economic growth. In 2019, the provinces with the largest negative effect of per capita
GDP on carbon emissions were mainly concentrated in Qinghai, Sichuan, and Yunnan.

(2) Energy consumption structure regression coefficient changes
The regression coefficients of the economic development level 2011, 2015 and 2019 are

shown in Figures 9–11.
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Similarly, the regression coefficients of environmental regulation industrial structure,
low-carbon technology innovation, and the carbon emissions trading mechanism in 2011,
2015, and 2019 can be obtained.

From the perspective of the impact of energy consumption on carbon emissions, the
provinces with a negative impact of energy consumption on carbon emissions in 2015
were reduced to seven, and the positive regression coefficient gradually increased. In
2019, the number of provinces with a positive impact of energy consumption on carbon
emissions increased to 26, with Liaoning, Jilin, and Heilongjiang having the greatest
impact, respectively, and the regression coefficients were in the interval (0.305, 0.358).
Thus, the difference in the regression coefficient of the impact of energy consumption on
carbon emissions in neighboring provinces is small, and the energy structure adjustment in
northeast China has an important impact on China’ s carbon emissions.

(3) Environmental regulation regression coefficient changes
From the perspective of the impact of environmental regulation on carbon emissions,

its regression coefficient is negative, which has an important impact on carbon emissions.
The regression coefficients of Shanghai, Beijing, and Zhejiang in 2011 were in the interval
(−0.798, −0.833). In 2015, the regression coefficients of Shanghai and Beijing further
declined, that is, the impact of environmental regulation increased. In 2019, environmental
regulation had the smallest impact on Xinjiang, Liaoning, Jilin, and Hebei. Overall, the
negative impact of environmental regulation on carbon emissions has gradually increased,
and the gradient distribution has become more and more obvious since 2015, increasing
from northeast to southwest.

(4) Changes in regression coefficients of industrial structure
From the perspective of the impact of the industrial structure on carbon emissions, the

increase in the proportion of high-tech industries will not only reduce energy consump-
tion, but also promote the upgrading of the industrial structure, which directly reduces
carbon emissions. The province with the least impact of the industrial structure on carbon
emissions in 2011, 2015, and 2019 are Inner Mongolia. Carbon emissions are reduced by
0.102%, 0.104%, and 0.127% for every 1% increase in the proportion of high-tech indus-
tries. The most influential provinces are Zhejiang, Guangdong, and Hebei, with regression
coefficients in the interval (−0.557, −0.364).

(5) Low-carbon technology innovation regression coefficient changes
From the perspective of the impact of low-carbon technology innovation on carbon

emissions, the negative effect of low-carbon technology innovation on carbon emissions
began to increase in 2015, Hebei and Jiangsu were added in to the provinces with greater
impact compared with 2011, and the regression coefficients increased to the interval (−0.379,
−0.201). In 2015, the provinces with a large increase in the negative effect of low-carbon
technology innovation on carbon emissions include Guangdong and Fujian, and the re-
gression coefficients are in the interval (−0.286, −0.225). Overall, the impact of low-carbon
technology innovation on carbon emissions has obvious spatial dependence.

(6) Carbon emissions trading mechanism regression coefficient changes
From the perspective of the impact of carbon emissions trading mechanisms on carbon

emissions, the regression coefficients of most provinces are negative and have a negative
impact on carbon emissions. With the deepening of the construction of carbon emissions
trading markets, the total amount of market transactions has increased. More and more
enterprises have participated in the market. The national carbon emissions trading market
has begun to operate and be incorporated into a large number of high-emission enterprises,
thereby reducing the total amount of carbon emissions. In 2011, there were five provinces
with a negative impact of their carbon emissions trading mechanism. The most influential
provinces are Hubei and Guangdong. For every 1% increase in trading volume, carbon
emissions fell 0.093~0.118%. In 2015, the number of provinces whose carbon emissions
trading mechanism had a negative impact on carbon emissions increased rapidly, and the
impact gradually increased. In 2019, the number of provinces whose carbon emissions
trading mechanism had a negative impact on carbon emissions increased to 12, with
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Hubei, Shanghai, and Guangdong having the greatest impact, respectively. The regression
coefficients are in the interval (−0.156, −0.121).

4. Discussion
4.1. Evaluation of Carbon Emission Reduction Effectiveness of Carbon Emissions Trading
Mechanisms
4.1.1. Measurement of Relative Emission Reduction Rates

According to the research conclusion of Wang et al. (2020) [27], the sufficient condition
for judging the effectiveness of the carbon emissions trading mechanism is that the carbon
emissions trading mechanism has a relative emission reduction rate, that is, the inclusion
of enterprises generates an additional carbon emission reduction rate. Firstly, by setting the
relative emission reduction level between the experimental group and the control group,
we analyze whether additional reductions can be generated under the carbon emissions
trading mechanism. We analyze the ratio of the carbon emission intensity decline level and
overall carbon emission intensity decline level in the same period. Some scholars choose the
industry average or regional carbon emission intensity decline level as a reference according
to the research objectives, to calculate the actual carbon emission intensity decline level
of enterprises. Without exogenous shocks, the effect of technological progress and other
policies on emission reductions is temporarily ignored, and the overall reduction rate
incorporated into enterprises, industries, or regions is set to remain at the same level. The
measurement method for the relative emission reduction rate can eliminate the impact
of external factors on carbon emission reduction. The research focuses on the exogenous
institutional variable of the carbon emissions trading mechanism and analyzes the change
in actual carbon emission intensity.

Therefore, according to the principle of total quota setting and the quota allocation
of carbon emissions trading mechanisms, in the experimental period, the study sample
contains two relative emission reduction rates: one is under the constraint of the total
carbon emissions quota, and the relative emission reduction rate Rj

(*) is included in the
enterprise, while the other is the actual relative emission reduction rate of the sample,
denoted as Rj. In the control period, the carbon emissions trading mechanism has not
been established, and the relative emission reduction rate is calculated according to the
actual carbon emissions of the sample, denoted as Ri. Compare Rj

(*) and Ri values to judge
whether the carbon emissions trading mechanism can produce an emission reduction effect.

The relative emission reduction rate of the experimental group and control group:

∆eki
= (

Eki(t1)

GDPki1
−

Eki(t0)

GDPki0
)/

Eki(t0)

GDPki0
(10)
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where, Ri =
∆eki
∆ei

, Rj =
∆ekj
∆ej

, Rj
(∗) =

∆ekj
(∗)

∆ej
.

In the formula, the parameter k represents the pilot area of carbon emissions trading,
and the parameter Ek represents the energy consumption of the industry included in the
pilot market of carbon emissions trading. Given that the research object is the industrial
industry in the pilot area, therefore, in the calculation of carbon emission intensity, replace
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GDPk with industrial added value. CAP represents the total quota. t1 and t0 represent
the end and beginning of the period, respectively. i and j represent the control period and
experimental period, respectively.

∆eki
and ∆ekj

are the energy intensity changes in the pilot areas of carbon emissions
trading during the control period and the experimental period. ∆ei and ∆ej represent the
average level of energy intensity changes in the pilot areas in the control period and the
experimental period, respectively. ∆e(∗)kj

is the change in energy intensity under quota
constraints during the experimental period. The possible comparison results are as follows:

(1) Rj
(*) > Rj > Ri, In the experimental period (i.e., under the carbon emissions trading

mechanism), incorporating additional emission reduction rates from enterprises.
(2) Rj

(*) > Ri ≥ Rj, Under the constraint of the total quota, the relative emission
reduction rate is higher than that of the control group. The actual relative emission reduction
rate is lower than the control group. This shows that the emission reduction effect of the
carbon emissions trading mechanism is not fully realized, and the quota allocation process
and the performance process have interfered with it to some extent, which weakens the
emission reduction effect. However, the carbon emissions trading mechanism still has an
emission reduction effect on the included enterprises.

(3) Rj > Ri ≥ Rj
(*), The actual relative emission reduction rate of the experimental group

is higher than that of the control group. However, under quota constraints, the relative
emission reduction rate is lower than that of the control group. There are two possibilities:
first, the total quota target setting is too tight, the emission reduction signal is too strong,
and enterprises vigorously promote the emission reduction link above the scope to complete
the emission reduction target; second, the carbon emissions trading pilot market quotas
are set too loose, and the trading mechanism cannot bring into the enterprise emission
reductions driving the effect.

4.1.2. Assessment of Total Carbon Emissions Quota Slack

In the pilot mechanism of carbon emissions trading in China, the setting of total
quotas is mainly based on historical emissions data, which may not match the actual carbon
emissions demand [29]. Some pilot markets set up partial adjustment quotas based on
the initial quotas, which are small. To simplify the calculation, the adjustment results are
not included in this paper. At the same time point, 18 groups of samples were set in the
experimental group and the control group. It is assumed that the same sample has the same
total carbon emissions demand in the experimental period and the control period, that
is, when the overall carbon emissions demand remains unchanged, the carbon emission
intensity decline of the experimental group and the control group is compared.

Therefore, this paper calculates the decline in the carbon emission intensity of the
experimental group under the quota constraint target, and calculates the actual decline
in the carbon emission intensity of the control group, to obtain the total amount of quota
tightness (C):

C =
∆e(∗)kj

∆eki

(15)

When ∆eki
≤ ∆e(∗)kj

, C ≥ 1, the total relaxation of the carbon emissions trading
mechanism is greater than 1, indicating that under the total quota target, the carbon
emission intensity decreases greatly, which is higher than the actual carbon emission
intensity. At this time, the carbon emissions trading mechanism can effectively drive the
emission reduction effect.
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4.1.3. Construction of Emission Reduction Effectiveness Evaluation Criteria of Carbon
Emissions Trading Mechanisms

Under the background of the carbon emissions trading mechanism, based on the
above analysis, the evaluation criteria for the emission reduction effect of carbon emissions
trading mechanisms are constructed (Table 8) for further analysis:

Table 8. Judgement matrix of emission reduction effectiveness of carbon emissions trading mechanisms.

Rj
(*) ≥ Rj > Ri Rj

(*) > Ri ≥ Rj Rj ≥ Rj
(*) > Ri Ri ≥ Rj

(*) > Rj Ri ≥ Rj > Rj
(*)

C ≥ 1 (+,+)+ (+,+)+ (+,+)+ (+,—)+ ——

C < 1 —— (—,+)+ (—,+)+ (—,—)— (—,—)—

Note: The symbols in brackets represent the judgment condition. When C ≥ 1, the first symbol in brackets
is ‘+’, otherwise it is ‘—’; the second symbol in brackets represents the emission reduction constraint benefit.
The symbols outside brackets represent the emission reduction effectiveness of the carbon emission trading
mechanism. When the symbol is ‘+’, it indicates that the carbon emission trading mechanism is emission reduction
effective, otherwise it is ‘—’.

(1) Effective standards for strong emission reduction
When C ≥ 1, and Rj

(*) > Ri, the total quota is less than the actual demand, resulting
in emission reduction constraint benefits for the included enterprises. The experimental
group obtains an additional emission reduction rate, that is, the carbon emissions trading
mechanism can produce an emission reduction effect. Further discussion of elements:

When Rj
(*) ≥ Rj > Ri, it means that the total quota setting of the carbon emissions trad-

ing mechanism is too tight. At this time, enterprises are faced with more stringent emission
reduction targets, and cannot achieve the quota target under the condition of exerting their
maximum emission reduction potential, which may harm economic development. In this
case, it can be considered as increasing the total quota appropriately to reduce the pressure
of emission reductions.

When Rj
(*) > Ri ≥ Rj, the carbon emissions trading mechanism can have a reduction

effect. However, in practice, the experimental group’s emission reduction rate is lower
than that of the control group. This shows that the emission reduction effect of the carbon
emissions trading mechanism is not fully exerted by other policies or circumstances, such
as the diminishing marginal emission reduction effect of enterprises, which leads to the
weakening of the market mechanism effect.

When Rj ≥ Rj
(*) > Ri, this indicates that the relative emission reduction rate in the

experimental group is higher than that under the quota constraint and higher than that in
the control group, which can further strengthen the emission reduction effect.

(2) Technical reduction effectiveness
When C ≥ 1, and Ri ≥ Rj

(*) > Rj, quota constraints cannot meet the needs of enterprise
carbon emissions. At the same time, the relative emission reduction rate and the actual
emission reduction rate of the experimental group were lower than those of the control
group. This shows that during the experimental period, it is difficult for enterprises to
achieve emission reduction requirements through low-carbon technology breakthroughs.

(3) Weak emission reduction effectiveness
When C < 1 and Ri ≥ Rj

(*) > Rj, weak emission reduction is effective. The relative
emission reduction rate of the experimental group was higher than that of the control
group, but the total quota was higher than the actual needs of the enterprises. Therefore,
enterprises can produce an emission reduction effect under the carbon emissions trading
mechanism, but the promotion effect is not obvious.

(4) Transaction mechanism failure
When C < 1 and Ri ≥ Rj

(*) > Rj or Ri ≥ Rj > Rj
(*), the carbon emissions trading mecha-

nism fails. The relative emission reduction rate of the control group was higher than that of
the experimental group, and the total quota was higher than the actual needs of the enter-
prises. There was no additional emission reduction rate during the experimental period.
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4.1.4. Evaluation Process

According to the interim measures for carbon emissions trading management in
China, the statistical bulletin of the carbon emissions trading market, and the data from the
‘China Energy Statistical Yearbook’, the actual relative emission reduction rate is presented
as (Ri, Rj) and the relative emission reduction rate as Rj

(*).The evaluation results of the
emission reduction effect of each pilot market are shown in Table 9.

Table 9. Effectiveness analysis of emission reductions in seven pilot carbon emissions trading markets
in China.

∆eki ∆ekj ∆e(*)kj
∆ei ∆ej Rj Ri Rj

(*) P C

Shenzhen 0.365 0.386 0.388 0.327 0.351 1.099 1.188 1.039 45.838 1.063

Beijing 0.165 0.159 0.159 0.12 0.139 1.144 1.326 1.079 63.388 0.964

Shanghai 0.192 0.2 0.232 0.157 0.178 1.126 1.288 1.079 36.8 1.208

Guangdong 0.237 0.249 0.25 0.182 0.215 1.156 1.378 1.099 69.925 1.055

Tianjin 0.238 0.244 0.215 0.208 0.221 1.101 1.181 1.028 29.788 0.903

Hubei 0.328 0.355 0.357 0.312 0.325 1.093 1.146 1.009 24.988 1.088

Chongqing 0.147 0.145 0.148 0.128 0.134 1.099 1.154 1.007 22.088 1.007

Note: Carbon price P is the daily average price of carbon emissions trading pilot markets from inception to
31 December 2020.

4.1.5. Evaluation Results

Table 9 shows that the total quota slack of the Shanghai, Guangdong, and Chongqing
carbon emissions trading pilot markets is greater than 1, with the total quota slack of the
Shanghai carbon emissions trading pilot market being especially high at a peak of 1.208. The
total quotas in some pilot markets for carbon emissions trading are relatively loose. Among
them, the Tianjin carbon emissions trading market quota’s total tightness is only 0.903.
Tianjin is an old industrial base city in China, and its industrial structure is biased toward the
secondary industry. Although it has actively transitioned to the tertiary industry in recent
years, there are still many high-emission enterprises, and the task of controlling industrial
energy consumption and implementing emission reduction targets is very heavy [30].
Under the situation of China’s vigorous construction of an ecological civilization, the
carbon emission reduction potential of many high-emission enterprises in Tianjin shows a
significant downward trend and enters the stage of decreasing emission reduction potential.
In the future, measures such as improving low-carbon technology levels should be taken
to improve emission reduction capacity. At the same time, it can be seen that the total
amount of quotas in Beijing’s carbon emissions trading market is also relatively relaxed.
During the ‘13th Five-Year’ period, Beijing’s response to carbon reduction has achieved
remarkable results. During the ‘13th Five-Year’ period, Beijing’s annual economic growth
rate was 7.5 %, but the annual growth rate of energy consumption was only 1.5%. However,
it should be noted that some high-emission enterprises already have a high emission
reduction potential, which may make it difficult to generate additional emission reductions
in subsequent developments, leading to a downward trend in the average industrial energy
consumption. According to the trading mechanism of the Chongqing carbon emissions
trading pilot market, the total quota is set according to the historical average for carbon
emissions. Therefore, the set total quota tightness is loose.

4.2. Analysis of Carbon Emission Reduction Potential in China’s Provinces

According to the differences in regional carbon emission intensity and the emission re-
duction effect of the carbon emissions trading mechanism in China, it can be found that the
realization of emission reduction targets should refer to the current situation of regional car-
bon emissions and carbon emission potential, and allocate quota targets based on regional
emission reduction potential. Therefore, we further measure the carbon emission reduction
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potential of China’s 30 provinces (autonomous regions and municipalities directly under
the Central Government), establish the carbon emission environmental learning curve
(ELC), obtain the accuracy of the model prediction, predict the carbon emission intensity in
2030, and divide the regions according to their carbon emission potential, to provide the
basis for the setting of the total quota of the carbon emissions trading mechanism.

4.2.1. Establishment of Carbon Emission Environment Learning Curve

The environmental learning curve (ELC) means that in the process of production, the
expansion of production scale and the improvement of production proficiency make the
consumption of materials per unit product increase or decrease regularly. According to the
research results of existing scholars, the single factor model is mostly used in the model of
using the environmental learning curve to study carbon emissions. The multi-factor model
needs to predict and analyze the trend of multiple factors, which is complex and may bring
errors, so the single-factor model is selected [31]. In the logarithmic-linear model, carbon
emission intensity changes with per capita GDP. The formula is:

ln Y = A− b ln X,

where Y represents carbon emission intensity; X represents the level of economic develop-
ment; A represents the initial carbon emission intensity when X is a fixed value; b is the
learning coefficient of carbon emissions.

Under the Stanford-B curve, the cost of emission reduction has a downward trend
after reaching a certain level of economic development, and its learning curve is manifested
as ln Y = A− b ln(X − B). B is the starting point of learning, and if B > 0, the emission
reduction activities depend on economic conditions. Based on the expression forms of
the two learning curves, the environmental learning curve is selected to simulate the
carbon emissions environmental learning curve model by using the panel data for the
carbon emission intensity and per capita GDP of each province and city from 2010 to
2019. The environmental learning curve equation of 30 provinces (autonomous regions,
municipalities) is shown in Table 10.

It can be seen from the environmental learning curve that the carbon emission intensity
of 30 provinces in China shows a downward trend with the growth in per capita GDP, the
correlation coefficient of the environmental learning curve is high, and the simulation effect
is good, indicating that there is a high correlation between carbon emission intensity and
per capita GDP. The first derivative of an economic growth point on the environmental
learning curve reflects the potential for carbon reduction. Among them, the values of Shanxi,
Shanghai, Inner Mongolia, Hebei, and Guizhou are relatively high and small. This shows
that these areas have a large base of carbon emission intensity, and have greater pressure
for emission reduction. Beijing, Shanghai, and Tianjin have higher values and higher
learning coefficients for carbon emission reduction, indicating that these regions have a
high potential for carbon emission reduction. At the same time, the correlation coefficient
of Ningxia, Gansu, and Guangxi provinces are relatively low, but are higher than 0.7, which
shows that these areas have an obvious carbon emission reduction ‘environmental learning’
effect. The carbon emission intensity in 2020 is further predicted and compared with the
actual carbon emission intensity. The accuracy of the model prediction is shown in Table 11.

According to the predicted carbon emission intensity and the actual carbon emission
intensity data of the environmental learning curve, the statistical test method is used
to fit the two. It is found that the fitting degree is high and the average relative error
is small. Therefore, we further forecast the carbon emission intensity in 2030, analyze
the regional emission reduction potential, and analyze the realization of China’s carbon
emission reduction targets from a longer-term perspective.
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Table 10. Simulation results of the carbon emissions environment learning curve for provinces
in China.

Region Curve Equation R2 Region Curve Equation R2

Beijing Y = 2.1658× (X− 0.16)−1.0972 0.913 Hubei Y = 1.2684× X−0.3097 0.894

Tianjin Y = 2.2645× X−0.6185 0.947 Hunan Y = 1.6874× X−0.5765 0.933

Hebei Y = 2.8596× X−0.3678 0.961 Chongqing Y = 1.3941× X−0.4966 0.964

Liaoning Y = 2.3192× (X− 0.13)−0.4193 0.864 Sichuan Y = 1.0894× X−0.4658 0.945

Shanghai Y = 3.0648X−0.9201 0.922 Guizhou Y = 1.0821× X−0.4689 0.919

Jiangsu Y = 1.4325X−0.4468 0.816 Yunnan Y = 1.7091× X−0.5647 0.984

Zhejiang Y = 1.3846X−0.4596 0.947 Shaanxi Y = 2.0687× (X− 0.24)−0.4152 0.937

Fujian Y = 0.6758× (X− 0.19)−0.1967 0.849 Gansu Y = 2.1685× X−0.2964 0.841

Shandong Y = 2.1941× X−0.4058 0.915 Qinghai Y = 2.0377× X−0.5973 0.936

Guangdong Y = 0.7684× X−0.2971 0.893 Ningxia Y = 2.3448× (X− 0.16)−0.4352 0.802

Hainan Y = 0.8274× (X− 0.26)−0.2943 0.932 Xinjiang Y = 1.0836× X−0.1687 0.828

Shanxi Y = 5.8614× X−0.5476 0.913 Guangxi Y = 0.9534× X−0.3575 0.790

Jilin Y = 1.9342× X−0.3017 0.817 Inner mongolia Y = 3.1068× (X− 0.34)−0.2907 0.769

Heilongjiang Y = 1.5294× X−0.3872 0.983 East Y = 1.6489× X−0.4917 0.958

Anhui Y = 1.3678× X−0.2943 0.875 Middle Y = 1.9185× X−0.5187 0.962

Jiangxi Y = 2.8657× X−0.4781 0.877 West Y = 1.3947× X−0.3926 0.924

Henan Y = 1.7964× (X− 0.15)−0.4692 0.951 National Y = 1.6715X−0.4352 0.935

Table 11. Prediction of carbon emission intensity and actual carbon emission intensity by ELC in
30 provinces of China in 2020.

Region ELC Predicted Value Actual Value Region ELC Predicted Value Actual Value

Beijing 0.265 0.238 Jiangxi 1.026 0.998

Tianjin 1.241 1.296 Henan 0.876 0.813

Hebei 2.707 3.151 Hubei 0.929 0.879

Liaoning 2.144 2.439 Hunan 0.835 0.762

Shanghai 0.635 0.528 Chongqing 0.728 0.637

Jiangsu 0.936 0.909 Sichuan 0.645 0.651

Zhejiang 0.669 0.571 Guizhou 1.482 1.561

Fujian 0.744 0.667 Yunnan 0.973 0.933

Shandong 1.347 1.43 Shaanxi 1.204 1.218

Guangdong 0.622 0.512 Gansu 1.747 1.888

Hainan 0.759 0.685 Qinghai 1.564 1.662

Shanxi 3.073 3.615 Ningxia 5.275 6.244

Jilin 1.752 1.943 Xinjiang 3.418 3.951

Heilongjiang 2.109 2.394 Guangxi 1.194 1.205

Anhui 1.078 1.089 Inner mongolia 4.583 5.389
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4.2.2. Analysis of Carbon Emission Reduction Potential Based on the Environmental
Learning Curve

There is an imbalance in China’s economic development. For example, in 2019,
Shanghai ‘s per capita GDP was as high as 11.0509× 104 yuan, while Gansu’s per capita
GDP was only 2.7508 × 104 yuan. According to the existing research, when the level
of economic development is not at the same stage, we should further divide the level of
economic development to analyze the potential for carbon emission reduction. According to
the current situation of China’s economic development, we set the per capita GDP baseline
as 1× 104, 4× 104, 8× 104, and 12× 104 yuan, according to the environmental learning
curve, to calculate the carbon emission intensity of each province under the four levels of
economic development; we further calculate the carbon emission reduction potential of
each province under different levels of economic development, and the results are shown
in Table 12.

Table 12. Comparison of Carbon Emissions Intensity Changes and Carbon Emission Reduction
Potential at Different Development Levels.

Region

Carbon Emission Intensity under Per Capita GDP
(t/104 · yuan)

Carbon Emission Reduction Potential under
per Capita GDP Baseline

1 4 8 12 Emission
Intensity 1~4 4~8 8~12 Reduction

Potential

Beijing 2.622 0.495 0.226 0.144 Low 81.13% 54.30% 36.38% High

Tianjin 2.265 0.961 0.626 0.487 Low 57.57% 34.87% 22.18% Rather high

Hebei 2.860 1.717 1.331 1.147 Rather high 39.94% 22.50% 13.85% Rather high

Liaoning 2.459 1.315 0.976 0.822 Rather low 46.52% 25.74% 15.83% Rather high

Shanghai 3.065 1.856 1.452 1.211 Rather high 42.07% 20.15% 15.14% High

Jiangsu 1.433 0.771 0.566 0.472 Low 46.17% 26.63% 16.57% Rather high

Zhejiang 1.385 0.732 0.532 0.442 Low 47.12% 27.28% 17.00% Rather high

Fujian 0.704 0.519 0.451 0.416 Low 26.26% 13.17% 7.81% Low

Shandong 2.194 1.250 0.944 0.800 Rather low 43.03% 24.52% 15.17% Rather low

Guangdong 0.768 0.509 0.414 0.367 Low 33.76% 18.61% 11.35% Rather low

Hainan 0.904 0.561 0.449 0.401 Low 37.92% 20.05% 10.67% Rather low

Shanxi 5.861 2.744 1.877 1.503 High 53.19% 31.58% 19.91% Rather high

Jilin 1.934 1.273 1.033 0.914 Rather low 34.18% 18.87% 11.51% Rather low

Heilongjiang 1.529 0.894 0.684 0.584 Low 41.54% 23.54% 14.53% Rather low

Anhui 1.368 0.910 0.742 0.658 Low 33.50% 18.45% 11.25% Rather low

Jiangxi 1.082 0.565 0.408 0.337 Low 47.80% 27.75% 17.31% Rather high

Henan 1.939 0.954 0.683 0.563 Low 50.78% 28.41% 17.57% Rather high

Hubei 1.268 0.826 0.666 0.588 Low 34.91% 19.32% 11.80% Rather low

Hunan 1.687 0.759 0.509 0.403 Low 55.03% 32.94% 20.84% Rather high

Chongqing 1.394 0.700 0.496 0.406 Low 49.76% 29.12% 18.24% Rather high

Sichuan 1.089 0.571 0.414 0.342 Low 47.57% 27.59% 17.21% Rather high

Guizhou 3.866 2.677 1.660 1.274 High 48.46% 28.21% 17.62% Rather high

Yunnan 1.709 0.781 0.528 0.420 Low 54.29% 32.39% 20.46% Rather high

Shaanxi 2.318 1.194 0.884 0.743 Rather low 48.51% 25.98% 15.85% Rather high

Gansu 2.169 1.438 1.171 1.038 Rather low 33.69% 18.57% 11.32% Rather high

Qinghai 2.038 0.890 0.588 0.462 Low 56.31% 33.90% 21.51% Rather high
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Table 12. Cont.

Ningxia 2.530 1.606 0.957 0.800 Rather high 48.39% 26.70% 16.42% Rather high

Xinjiang 1.084 0.858 0.763 0.713 Low 20.85% 11.04% 6.61% Low

Guangxi 0.953 0.581 0.453 0.392 Low 39.08% 21.95% 13.49% Rather low

Inner mongolia 3.506 2.131 1.719 1.521 High 39.22% 19.32% 11.50% Rather low

For economically developed areas, such as Beijing, Tianjin, and Shanghai, their
per capita GDP in 2010 was been higher than the yuan, Zhejiang Province and Jiangsu
Province’s per capita GDP in 2010 was higher than the yuan, and the ELC curve of such
areas is used for the regression calculation; for provinces with stable economic devel-
opment, the environmental learning curve includes regression analysis and predictions
for the future, such as Heilongjiang, Jilin, and Liaoning provinces in Northeast China,
where the environmental curve of carbon emission shows strong predictive significance.
According to carbon emission intensity, China’s provincial carbon emission regions are
divided into high-carbon provinces (carbon emission intensity is greater than 2.0), rather-
high-carbon provinces (carbon emission intensity is 1.5~2.0),rather-low-carbon provinces
(carbon emission intensity is 0.5~1.0) and low-carbon provinces (carbon emission intensity
is less than 0.5). At the same time, according to the comprehensive research results on the
carbon emission reduction potential [32–34], the carbon emission reduction potential is
divided into the following levels: high potential (more than 35%), rather high potential
(25–35%); rather low potential (15–25%); and low potential (below 15%). According to the
carbon emission intensity and carbon emission reduction potential of 30 provinces in China,
the combination matrix can be obtained as shown in Table 13.

Table 13. Combination Matrix of Carbon Emissions Intensity and Carbon Emission Reduction
Potential in China.

Carbon Emission Intensity

High-Carbon
≥2.0

Rather High-Carbon
1.5–2.0

Rather Low-Carbon
1.0–1.5

Low-Carbon
≤1.0

High-efficient (≥35%) Shanghai, Shanxi,
Jiangxi, Guizhou Inner mongol Beijing

Rather high-efficient
(25%–35%) Hebei, Ningxia

Tianjin, Jiangsu, Zhejiang,
Henan, Hunan,

Chongqing, Sichuan,
Yunnan, Qinghai

Rather low-efficient
(15%–15%) Liaoning, Shaanxi, Gansu Shandong, Jilin

Guangdong, Hainan,
Heilongjiang, Anhui,

Hubei, Guangxi

Low-efficient (≤15%) Fujian, Xinjiang

From the distribution characteristics of carbon emission intensity and emission re-
duction potential for 30 provinces in China, it can be found that the carbon emission
reduction potential of the eastern region is significantly higher than that of the western
region, and it is necessary to further develop their emission reduction potential to achieve
the emission reduction targets in the future. At the same time, the carbon emissions trading
mechanism can further consider the emission reduction potential in the setting of total
quotas and comprehensively set quota constraint targets to achieve China’s carbon emission
reduction targets.

5. Conclusions

This paper measures the differences in carbon emission levels in the eastern, central,
and western regions of China, and systematically analyzes the regional differences in
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carbon emission levels in China from the perspective of carbon emission intensity. To
further analyze the spatial agglomeration effect of carbon emissions and the causes of
differences, the direct and indirect influencing factors of carbon emissions are analyzed
by the spatial econometric model. This paper discusses whether the carbon emissions
trading mechanism has an emission reduction effect, and finally analyzes the potential
for carbon emission reduction in China by using the environmental learning curve. The
main conclusions are as follows: (1) Through summarizing the current situation of China’s
carbon emissions, it can be found that China’s overall per capita carbon emissions continue
to increase, but the carbon emission intensity has gradually decreased. (2) The spatial
and temporal distribution of carbon emissions efficiency in China is not uniform, and the
difference in carbon emission intensity is obvious, but it shows a decreasing trend year by
year. Carbon emission intensity is high in the western region. (3) Through the analysis of
the emission reduction effect of the carbon emissions trading mechanism, it can be seen
that the total quota relaxation of the Tianjin, Beijing, and Chongqing carbon emissions
trading pilot markets is relatively loose, and the total quota constraint should be further
strengthened to realize the emission reduction effect. (4) The carbon emission reduction
potential is generally high in the eastern region and relatively weak in the central and
western regions. This situation is not conducive to the sustainable development of China’s
low-carbon economy, and the central and western regions will face increasing pressure for
emission reduction.

Based on the above analysis, this paper further puts forward the following policy
recommendations: (1) To reduce energy intensity and improve the efficiency of carbon
emission reduction, enterprises should further strengthen technological research and devel-
opment, and enhance the search and absorption capacity of technology and transform it
to their technological advantage to achieve the key objectives of sustainable development
with low-carbon and even zero-carbon energy development. (2) Setting quotas reasonably.
Carbon emission reduction and low-carbon innovation are realized based on market means.
In the performance trading markets formulated from top to bottom to achieve the strategic
goal of emission reduction, the reasonable design of emissions quotas helps to achieve the
emission reduction goal. The setting and management of the total quota is an important link
to realize the role of carbon emission reduction signals, and the total carbon emissions of en-
terprises is restricted. Actively create a monitoring, reporting, and certification mechanism
for carbon emissions trading and insert it into the implementation process of enterprise
supervision and feedback. (3) Further develop the potential for regional carbon emission
reduction, accelerate the development process of the carbon emissions trading market in
the western region, improve the decline rate of China’s overall carbon emission intensity,
and implement the overall emission reduction goal of China. Set reasonable control targets
for the actual development of the region, and drive other regions to complete emission
reduction targets before mentioning some cities.
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