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Thermal power generation has increased CO2 emissions, which in turn has put tremendous pressure on the environment.
Therefore, analyzing the regional ecological environmental carrying capacity of thermal power carbon emissions is of great
signiﬁcance for countries with high thermal power capacity to guide the development of low-carbon power and industrial layout.
To accurately measure the pressure of regional power production for the environment, this paper proposes the concept of
renewable energy virtual carbon emission based on the carbon footprint theory. The regional power carbon footprint (PCF) depth
model and the regional power carbon deﬁcit model are constructed. Moreover, through the statistics of China’s power production,
this paper calculates the depth of China’s PCF and analyzes the temporal and spatial diﬀerences of China’s PCF depth from the
three aspects of regional power installation structure, power deﬁcit, and PCF transfer. The results obtained illustrate, ﬁrstly, that
China’s overall PCF continues to increase, with the depth of PCF moving eastward. Secondly, due to the imbalance of China’s
PCF, there are signiﬁcant temporal and spatial diﬀerences in the depth of regional PCF. Thirdly, with the rapid development of
renewable energy in China, the eﬀect of controlling the depth of regional PCF by renewable energy is rising. Besides, the transfer of
PCF among diﬀerent China’s regions has signiﬁcant impact on the change of PCF depth of power output provinces.

1. Introduction
According to the report of the International Energy Agency
(IEA), China has become the world’s largest energy consumer. In 2018, the total energy consumption of the country
reached 4.62 billion tons of standard coal, and fossil energy
accounted for 85.7% [1]. China is also the most signiﬁcant
GHG (Greenhouse Gas) emitter, accounting for 27% of
global GHG emissions [2]. To reduce fossil energy consumption and GHG emissions, the Chinese government
promised that the total amount of carbon emission(CE) will
not increase by 2030, and the CE intensity will be reduced to
60–65% compared with that of 2005 [3].Therefore, China is
currently encountering the huge CE reduction pressure. In
recent years, the Chinese government has adjusted the
energy consumption structure and the layout of the energy
industry. However, the current energy structure in China is

still dominated by fossil energy [4]. In 2018, China’s total
raw coal consumption was 3.77 billion tons, 70% of which
was used for thermal power generation. The CE in the
process of thermal power production was 4.2 billion tons,
accounting for 40% of China’s total CE [5]. Thus, it can be
seen that the power sector is the source of CE. Therefore,
exploring a low-carbon development approach of power is
signiﬁcant to achieve China’s CE reduction goals.
In order to reduce energy consumption and CE of power
production, China has implemented a series of countermeasures, such as installing ultralow-emission equipment
for thermal power plants, replacing high-emission thermal
power generators with new low-emission units. However,
the rapid development of China’s economy requires huge
power, and this production structure of high proportion
thermal power poses a great pressure to CE reduction.
Besides, the power production and demand of China are
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mismatched obviously in its territorial space. Regional environment and emission issues have become primary consideration factors for local government to plan and develop
regional electricity system [6–8]. Therefore, it is necessary to
explore how to scientiﬁcally assess the CE level and ecological environmental carrying capacity of thermal power in
diﬀerent regions.
Nowadays, the carbon footprint has become an essential
concept for assessing the impact of human activities on the
ecological environment [9], and it was mainly used to
measure GHG emissions [10]. Combining the concept of
carbon footprint with diﬀerent energy research objects could
be used to study the eﬀect of CE on the ecological environment from diﬀerent perspectives, such as fossil energy
footprint [11], nuclear energy footprint [12], clean energy
footprint [13], wind energy footprint [14], and solar energy
footprint [15].
The popular method for determining the carbon footprint involves calculating the CE amount from energy
utilization or converting CE amount into an equivalent
bioproductive land area [16]. Because the bearing capacity
level is usually measured by the area of bioproductive land,
the method of converting carbon footprint into the bioproductive land area is more suitable to evaluate a region’s
sustainable development [17–19]. The investigation methods
of carbon footprint mainly include life cycle assessment [16],
emission inventories factor [20], input-output analysis
[11–13, 21], and ecological footprint calculators [22].
At present, there are a few studies related to the research
on the power carbon footprint (PCF). Regarding the PCF
calculation, literature [23] adopted the life cycle assessment
method to explore the PCF of thermal power plants. Literature [24] employed a matrix model containing system
interaction eﬀects to calculate the inventory of power
generation inputs and then measured the CE of thermal
power generation in China. Study [25] took thermal power,
hydropower, nuclear power, and wind power as research
objects to calculate the CE of China’s terminal power
consumption. They further combined the carbon sequestration capacity of surface plants with the CE to calculate the
bioproductive land area index needed to absorb the power
CE, which is the PCF.
Regarding the research on the environmental pressure of
PCF, literature [26] deﬁned the ratio of PCF to productive
land area as the ecological pressure of PCF; the larger the
index, the higher the impact of power consumption on the
ecological environment. In the process of power generation,
the carbon emission intensity of diﬀerent power sources is
quite diﬀerent. Therefore, the types of power sources need to
be considered in the calculation of PCF, mainly involving
thermal power, hydropower, and nuclear power [27].
Compared with the measurement of carbon footprint intensity and ecological stress, the evaluation of the carbon
footprint change trend is a dynamic study. Considering
diﬀerent power generation types, literature [28] used the
ecological network analysis method to quantify the interprovincial CO2 transfer in the transmission and distinguished the control intensity of each province under
diﬀerent CO2 ﬂows. Literature [29] used a gravity model to
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analyze the change trend of the global carbon footprint of
fossil energy and the carbon footprint of fossil energy per
capita between 1997 and 2016. The process of transregional
power transfer is not only the process of virtual carbon
footprint transfer, but also the process of virtual water
transfer [30].
From the existing research on carbon footprint, the
current measurement of PCF is mainly focused on fossil
energy power generation. Although there was a small
amount of literature to discuss the renewable energy footprint, the understanding of the renewable energy footprint
was not accurate. These studies underestimated the role of
renewable energy in replacing fossil energy and its impact on
regional CE carrying capacity. In fact, with the increase of
the proportion of renewable energy power, renewable energy
has a signiﬁcant contribution to alleviating the pressure of
regional power CE on the environment. Therefore, it is
diﬃcult to accurately assess the impact of regional renewable
energy power on the environment using the existing research methods.
This paper aims to evaluate the impact of power CE on
the environment and provide guidance for power CE reduction and power planning. Based on the carbon footprint
theory, this paper took the ratio of regional PCF and regional
CE carrying capacity as the depth of regional PCF. Moreover, the depth model of PCF was used to measure the
temporal and spatial diﬀerences of the depth of China’s
regional PCF. From the time and space dimensions, this
paper analyzed the impact of power production structure,
power demand, and carbon footprint transfer on the depth
of regional PCF. The main innovation of this study is to
integrate the virtual carbon footprint of renewable energy
into the regional CE capacity. This paper will establish the
relationship between renewable energy and environmental
pressure of power CE by constructing the depth model of
PCF. Besides, the impact of renewable energy on the depth of
regional PCF will also be investigated from the perspective of
time and space.

2. Research Methodology
2.1. Research Framework. This paper mainly consists of two
parts: model and case study. The method and process are
shown in Figure 1.
The calculation method of power CE is the key work of
constructing PCF and power carbon deﬁcit. In the model
part, this paper used a bottom-up method to calculate the
regional power CE. Combined with the statistics of the
annual power generation of each thermal power unit, the
coal consumption level of diﬀerent types of units was used to
calculate the regional power generation. In addition, the
method of calculating the virtual CE of renewable energy
was proposed. In order to measure the pressure of regional
power production on the environment, this paper proposed
to convert the virtual CE of renewable energy into the virtual
PCF and regarded it as a part of the CE carrying capacity.
In the part of case study, this paper calculated the depth
of PCF of each province based on China’s power production
and ecological data from 2007 to 2018. And then, the paper
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Figure 1: The research process of China’s power carbon footprint.

analyzed the diﬀerences of regional PCF depth according to
the power production structure between 2008 and 2018.
Finally, the level of power carbon deﬁcit in each province
was measured according to the regional power production
and consumption in 2008 and 2018, and the inﬂuence of PCF
transfer on the depth of PCF was analyzed. Through the
analysis of spatial and temporal dimensions, the causes of
the great spatial and temporal diﬀerences in China’s PCF
were found.
2.2. Carbon Emissions from Power Generation
2.2.1. Carbon Emissions from Thermal Power Generation.
The CE of power generation mainly refers to the CE of coal,
oil, natural gas, and other fossil fuel combustion in the
process of thermal power production. In addition to the
direct CE of production process, the CE of power generation
also includes the implicit CE [11, 21]. For example, CE from
fuel processing and transportation are implicit CE. To
measure the total CE accurately, the implicit CE should be
taken into account when calculating the full CE of the power
generation process. The calculation method of CE of thermal
power unit is as follows:
TEij � Qij · λj + Qij · λj∗ ,
λj � c × Fce ,

(1)

where TEij is the CE of unit j in i power plant (t), Qij is the
generating capacity of unit j in i power plant (kWh), λj is the
CE coeﬃcient for unit j (g/kWh), and c is the fuel consumption for power generation. For coal-ﬁred units, the
index refers to the coal consumption rate of power generation (g/kWh), and for gas-ﬁred units, the index refers to the
gas consumption rate of power generation (m3/kWh), Fce is
the CE coeﬃcient of fuel. According to literature [31], for
raw coal, the coeﬃcient is 1.9003 kg-co2/kg; for natural gas,
the coeﬃcient is 2.1622 kg-co2/m3. λj∗ is the implicit CE
coeﬃcient for unit j (g/kWh). According to literature [32],
the implicit CE accounts for 5.8% of direct CE in thermal
power production process.
Then, the total carbon emission of i power plant is
TEi �  TEij .

(2)

For m area, the total CE of all thermal power plants is
TEm �  TEi .

(3)

Then, the regional average CE coeﬃcient of thermal
power generation in area m is
 TEi
λ�
,
(4)
 Qi
where Qi is the generation capacity of the i power plant (t).
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2.2.2. Virtual Carbon Emission from Renewable Energy
Power Generation. Assume that there is only thermal power
in a region, and the actual CE is a ﬁxed value at a speciﬁc
output level. This ﬁxed value is set to the theoretical value of
CE at this demand level. If the power demand is maintained
and some thermal power in the region is replaced with
renewable energy, the actual CE in the region will be decreased accordingly. The diﬀerence between the actual CE
and the theoretical value of regional power generation CE is
the contribution of renewable energy emission reduction.
Renewable energy generation replaces the same amount
of thermal power and saves fuel, which is equivalent to
reducing the carbon footprint of regional power. To distinguish the direct CE of thermal power generation, this
study deﬁnes this part of the carbon footprint as “virtual
carbon emissions (VCE).” Measuring VCE is conducive to
considering the contribution of renewable energy power
generation in an all-round way.
There are many types of renewable energy power generation, and diﬀerent types of renewable energy sources have
diﬀerent CE levels. Also, in diﬀerent regions, the CE levels of
the power generation of diﬀerent thermal power plants vary
greatly. Therefore, it is challenging to count the VCE from
the perspective of emission sources. Besides, from the
perspective of alternative thermal power, the VCE can be
calculated based on the total renewable energy power
generation and the regional average thermal CE coeﬃcient:
−
VCEm � λ · REm ,
(5)

where NPPm is the regional average net primary productivity
(t/hectare meter2), Ai is the net primary productivity corresponding to ecosystem type i (t/hectare meter2), and NPPi
is the area of class i land (hectare meter2).
According to the deﬁnition of PCF [16], the regional PCF
is determined as the area of bioproductive land needed for
CE from power production in the absorption region, and the
formula is presented below:
TEm
PCFm �
,
(7)
NPPm

where VCEm is the virtual carbon emissions in area m (t) and
REm is the total renewable energy power generation in area
m (kWh).

BCfel � cffel ·  Ai · ri ,

2.3. Power Carbon Footprint Pressure. The PCF pressure is
deﬁned as the ratio of the CE to the productive land area. It
reﬂects the pressure of CE on natural ecosystems. This index
represents the pressure of power consumption on resources
and the ecological environment [26].
2.3.1. Power Carbon Footprint Intensity. In this paper, the
land area is employed as the unit to measure the carbon
footprint. The carbon footprint intensity of power is the ratio
of total CE and net primary productivity of power
production.
During the earth’s carbon cycle, most of the land surface
has carbon absorption ability because of vegetation coverage. The carbon absorption capacity of diﬀerent land types
can be characterized by net primary productivity of vegetation on the surface, which means the organic dry matter
production of green plants after deducting autotrophic
respiration part in unit time and area [11]. The average net
primary productivity of regional land cover is obtained by
weighting the area of each species and the corresponding net
primary productivity [33]. The formula is as follows:
 Ai · NPPi
NPPm �
,
(6)
 Ai

where PCFm is the carbon footprint of power in area m
(hectare meter2).
2.3.2. Carbon Emission Carrying Capacity. Eco-carrying
capacity is an important criterion to measure sustainability
in footprint theory. It is expressed by the area of eco-productive land used to support human consumption of ecological services and can be used to quantify the regenerative
capacity of a region to provide human available ecological
resources and services. Based on the carbon absorption
function of land and the idea of carbon absorption and
transformation in the ecological footprint method, the land
ecological carrying capacity of fossil energy is ﬁxed as the
ecological production area that can be provided by the region to absorb CO2 [14]. Based on regional land equilibrium
factor and conversion factor, the CE carrying capacity model
is as follows:
(8)

where BCfel is the ecological carrying capacity of fossil
energy land (106 hectare meter2), cffel is the energy conversion factor, and ri is the equilibrium factor of the ecological productive land of type i.
The regional carbon dioxide emission bearing capacity,
i.e., the ecological carrying capacity of fossil energy land,
refers to the total ecological productive area that can be
provided by region for absorbing carbon dioxide [34, 35].
The ecological carrying capacity of fossil energy land is
calculated based on the carbon dioxide absorption method;
the area of all types of ecological production land in the
region is the supply of fossil energy land. Renewable energy
such as hydroelectricity, wind power, solar energy, and
geothermal energy does not emit carbon dioxide in the
process of power generation. Considering the alternative
role of renewable energy for thermal power, this part of
renewable energy power generation theoretically reduces the
demand for ecological production land area used to absorb
carbon dioxide. Therefore, according to the unit of power
generation and coal consumption, this part of renewable
energy power generation can be converted into corresponding land area for biological production. In [36], the
researchers calculated a corresponding reduction in the area
of forest land used to absorb carbon dioxide emitted from
standard coal combustion, according to the regional renewable energy power generation. This part of forest land
area is combined with the actual forest land area and used to
calculate the ecological carrying capacity of the regional
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Figure 2: The trend of PCF depth in China from 2007 to 2018. Note. The left ordinate reﬂects the power carbon footprint and carbon bearing
capacity, and the right ordinate reﬂects the power carbon footprint depth. The unit of the PCF and carbon bearing capacity is 106 hm2.

Table 1: Power carbon footprint depth classiﬁcation standard.
Interval
0.00–0.05
0.05–0.15
0.15–0.30
0.3–0.55
0.55–0.75
0.75–0.1
1.0–1.15
1.15–1.5
1.5-

Level
LI
L II
L III
MI
M II
M III
HI
H II
H III

L: little; M: middle; H: high.

fossil energy land. However, unlike the calculation of PCF by
converting fossil energy power generation to bioproductive
land area, the calculation of power CE carrying capacity by
converting renewable energy power generation to bioproductive land area is theoretical. There is no such part of
ecological productive land area in practice. Therefore, the
signiﬁcance of renewable energy power generation to the
environment is to reduce the actual PCF and increase the
power CE carrying capacity. Since the CE of renewable
energy power generation and the converted land area of
ecological production are theoretical values, the carbon
footprint of renewable energy power can be deﬁned as a
virtual carbon footprint, which could increase the regional
CE capacity. According to the transformation idea of [36],
the calculation of the virtual carbon footprint of renewable
energy is as follows:
VCFRE � 

REi · EW · Hcoal
· rForest ,
EPcoal

BCm � BCfel + VCFRE .

(10)

2.3.3. Carbon Footprint Depth of Regional Power Production.
The ratio of ecological footprint to ecological carrying capacity is considered as the concept of footprint depth [10],
and the index can be used to evaluate ecosystem security. A
regional PCF depth model is established to assess the
pressure of the power CE on the regional environment. The
larger the PCF value, the higher the impact of power generation on the regional ecological pressure.
PCFm
CFDm �
,
(11)
BCm
where CFDm is the carbon footprint depth of regional power
production in area m.

(9)

where REi is the generation capacity of the corresponding
renewable energy i in a region (kW·h), EW is the coal consumption per unit of the average coal power generation in
China (360 g/kW·h), Hcoal is the conversion coeﬃcient of CO2
mass released from standard coal combustion (as 2.4925),
EPcoal is the average absorptive capacity of global forests for
CO2 emissions from coal combustion (6.583 tC·hm−2·a−1.),
and rForest is the equilibrium factor of forests.
Therefore, the calculation formula of the ecological
carrying capacity of fossil energy land is as follows:

2.4. Power Carbon Deﬁcit. Due to the spatial distribution
diﬀerences of energy resources and demand, the power
production in some regions is less than the power demand,
and these regions are known as the power deﬁcit regions.
The balance of power production among regions needs to
transmit power across regions through transmission lines.
Besides, satisfying the energy demand of the power import
region usually increases the power generated amount and
environmental pressure of the power export region.
Therefore, the electricity transmission among diﬀerent regions could cause the transfer of regional PCF. To some
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Figure 3: Depth distribution map of power carbon footprint of China’s provinces in 2008. Note. The yellow dot is the average center, i.e.,
density center, calculated according to the power carbon footprint and coordinates of each province, which is used to represent the
concentration area of carbon footprint. The principle and calculation method of the geographical average center can be found in literature
[41].

extent, the analysis of power carbon deﬁcit can explain the
spatial-temporal diﬀerences in the regional PCF depth.
To accurately measure the transfer relationship of carbon
footprint, this paper proposes the power carbon deﬁcit
model based on the concept of ecological deﬁcit [18] and the
measurement method of CE quality. For region m, its
electricity carbon deﬁcit is calculated as follows:
Deficitm � λC CEm − TEm + VCEm ,

(12)

where Deficitm is the regional power carbon deﬁcit in m
region (t), λC is the national average CE coeﬃcient of electric
power (t/kWh), and CEm is the power consumption in m
region (kWh).

3. Data Sources
The calculation for regional PCF depth requires the acquisition of regional power production data and the data on
the land area required for regional biological production.

The regional power production data is mainly the annual
power generation of all generating units, which is taken from
the National Generating Unit Manual [37] issued by China
Power Reliability Management Center. In addition, considering the availability of data, the data on land area required for regional biological production includes forest
land area, grassland area, and crop sown area. This part of
data is collected from the China Statistical Yearbook [38].
When calculating the regional PCF, the coal consumption of
diﬀerent types of generating units shall refer to the China’s
Power Industry Development Report [39] issued by the
China Electricity Council in that year.
In order to prove the relationship between the regional
power installation structure and the depth of PCF, this paper
needs to compare and analyze the power sources structure of
China’s diﬀerent provinces (cities) in 2008 and 2018, and
these data are processed according to the statistical data from
the Statistical Data Collection of Electric Power Industry
[40] issued by China Electricity Council.
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Figure 4: Depth distribution map of power carbon footprint of China’s provinces in 2018.

In addition to power production data, the calculation of
regional power carbon deﬁcit also requires power consumption data, which is taken from the oﬃcial website of the
National Bureau of Statistics of China. Moreover, when
describing the transfer of PCF, the data are sorted out
according to the transregional power transmission scale and
the actual transmission line path in current year, and the
arrow represents the direction of cross-regional transmission. The data of transregional power transmission scale
come from literature [39].
The above data do not include data from Hong Kong,
Macau, Taiwan, and Tibet. Therefore, these four regions were
not included in the spatial diﬀerences analysis of China’s
PCF.

4. Analysis of Power Carbon Footprint
Depth in China
4.1. Measurement of Regional Power Carbon Footprint Depth
in China. Referring to (2), (5), and (6), China’s PCF was
obtained. And referring to (7)–(9), China’s CE carrying

capacity was obtained. Based on (10), the PCF depth of
China was drilled, as shown in Figure 2.
China’s PCF illustrates an upward trend from 88.02 in
2007 to 182.08 in 2018, and the average annual growth rate
is 8.11%. The overall upward tendency of bearing capacity
is relatively slow, the value increased from 644.52 to 681.61
between 2007 and 2018, and the average annual growth
rate is 0.92%. Therefore, the depth of PCF also increases
rapidly, its value increased from 13.65% to 28.77% in the
period of 2007–2018, and the average annual growth rate is
7.24%.
In order to facilitate the comparison of the depth of PCF
among regions, this paper adopted the natural breakpoint
method to divide the measurement results of each province
into nine levels. The grading standards are presented in
Table 1.
The results of the PCF depth of China’s diﬀerent
provinces (cities) in 2008 and 2018 were graded in terms of
the grading standards, and the spatial distribution diﬀerences of China’s provincial PCF depth were demonstrated,
as shown in Figures 3 and 4.
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Figure 5: Thermal power generation and bioproductive land areas in China’s provinces in 2008 and 2018.

As seen in Figure 3, there is a clear spatial agglomeration
of China’s PCF in 2008, with low-value areas concentrated in
northwestern China and high-value areas concentrated in
eastern China. In 2008, only the Jiangsu and Shanghai
provinces are in the H I level; in the M-level, there are six
provinces, namely, Shanxi, Henan, Hebei, Zhejiang,
Guangdong, and Shandong; the remaining regions are in an
L grade, of which Qinghai, Hainan, Xinjiang, and Gansu
belong to the L I grade.
It can be seen from Figure 4 that, in 2018, Shandong’s
PCF depth is close to 1.5, entering the H II level. Jiangsu’s
carbon footprint depth reaches 1.55, entering the H III level.
Beijing, Tianjin, Liaoning, Fujian, and Anhui rank among M
grades, and the number of M grade provinces has expanded
to 10. Among the L grade provinces, the number of L I
provinces has decreased to 2.
Comparing Figures 3 and 4, we ﬁnd that the PCF depth
of China has changed dramatically from 2008 to 2018, except
for Qinghai’s PCF depth, which remains almost unchanged
within ten years; the PCF depth of northwest provinces such
as Xinjiang, Gansu, Ningxia, and Shaanxi has signiﬁcantly
deepened. Also, the PCF depth of the eastern and southern
coastal provinces has been deepened to varying degrees. On
the contrary, the PCF depth of Sichuan and Yunnan decreased by 30% and 50%, respectively, in the past ten years,
causing the low-value clusters to shift from northwest to
southwest gradually. The above changes show that the core
of gravity of China’s PCF depth (yellow point in Figures 3
and 4) moves eastward.
According to the deﬁnition of the PCF depth, the factors
that determine the depth of regional PCF are mainly the
regional CE carrying capacity and the intensity of regional

PCF. The regional CE carrying capacity is determined by the
biomass production land area, whereas the intensity of PCF
is mainly determined by the thermal power generation. The
areas of bioproductive land and thermal power generation of
China’s provinces in 2008 and 2018 are shown in Figure 5.
It can be seen from Figure 5 that, compared with 2008,
the area of bioproductive land in each region changes less in
2018, whereas thermal power production in most regions
increases signiﬁcantly in 2018. The growth of thermal power
generation in Inner Mongolia, Jiangsu, Guangdong, and
Shanxi provinces is higher than 30%, and the growth of
thermal power generation in northwestern provinces of
Shanxi, Xinjiang, and Ningxia exceeds 100%. Therefore, the
cause of the temporal and spatial diﬀerences in the PCF
depth of China is the rough time and space of thermal power
generation.
4.2. The Impact of Regional Power Installation Structure on
Power Carbon Footprint. The regional PCF depth can reﬂect
the balance degree of regional power CE and CE carrying
capacity. The deeper the regional PCF is, the higher the
power CE exceeds the upper limit of the ecological carrying
capacity. It is necessary to achieve balance by adjusting the
CE from thermal power production. From the perspective of
power production, the main factor determining the regional
thermal power production is the regional thermal power
capacity. In order to explore the impact of regional power
installations on the PCF, regional power capacity maps are
produced based on local thermal power installations, renewable energy installations, and PCF depths in 2008 and
2018 (as shown in Figures 6 and 7).
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Figure 6: Power installation scale of China’s provinces in 2008.

According to Figures 6 and 7, in 2008, the proportion of
thermal power installed in most provinces of China is high.
The proportion of thermal power installed in 24 provinces is
higher than 50%. In the M-level and H-level regions with a
deep carbon footprint, the installed proportion of thermal
power is more than 70%. It can be seen that the installed
capacity of thermal power in all provinces in 2018 has increased compared with 2008. Among the regions with the
PCF depth of M, the installed capacity of thermal power
exceeds 60%; among the provinces with the PCF depth of H,
the installed capacity of thermal power exceeds 80%. In 2018,
the proportion of thermal power installed capacity in
China’s 20 provinces (cities) decreases. Among them, the
renewable energy installed capacity in Gansu, Qinghai,
Hubei, Sichuan, Yunnan, and Guangxi exceeds the installed
capacity of thermal power. However, among these provinces
(cities), only Yunnan and Sichuan have decreased their PCF
depth.
As provided by Figures 6 and 7, the ﬁtting curve slope of
the regional PCF depth and thermal power installed capacity are principally equal. However, the ﬁtting curve

slope of the regional PCF and renewable energy installed
capacity are quite diﬀerent. Therefore, compared to renewable energy, the regional PCF is more aﬀected by
thermal power installations. By comparing the slope
changes of the ﬁtting curve of renewable energy installation
in 2008 and 2018, we ﬁnd that the depth of regional PCF is
increasingly aﬀected by the scale of renewable energy installation. Although China’s installed capacity of renewable
energy power is growing rapidly, the growth of the installed
capacity of renewable energy is mainly concentrated in a
few regions due to resource constraints. At present, renewable energy can eﬀectively control the growth of PCF in
these regions.
It is found through research that there is a strong
positive correlation between the power CE and the installed capacity of thermal power under the current power
demand level. For a speciﬁc region, its CE carrying capacity is certain in the short term. Hence, to ensure
ecological safety, there should be an upper limit on the
regional power CE and regional thermal power installed
scale.
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Figure 7: Power installation scale of China’s provinces in 2018.

5. Analysis of China’s Power Carbon Deficit
5.1. Measurement of China’s Power Carbon Deﬁcit.
Referring to (2), (3), (11), and (12), China’s regional power
carbon deﬁcit in 2008 and 2018 could be calculated. The
results are shown in Figures 8 and 9, and the color depth of
areas represents the degree of power carbon deﬁcit. The
arrows in the ﬁgures indicate the path of carbon footprint
transfer, the starting point, and the terminal point, and the
direction of the arrow depends on the actual transmission
starting point and the direction of high-voltage transmission
lines. The bar chart represents the power production
structure of the power output provinces.
As shown in Figure 8, 12 provinces (cities) of China have
power carbon deﬁcits in 2008. Provinces (cities) with power
carbon deﬁcits exceeding 10 million MWh are Guangdong,
Hebei, Beijing, Zhejiang, Shanghai, Jiangsu, Liaoning, and
Tianjin. In 2008, there are 18 power output provinces in
China, including nine provinces with power transmission
capacity of more than 10 million MWh, which are ranked in
order of power output, namely, Inner Mongolia, Hubei,
Guizhou, Shanxi, Anhui, Yunnan, Sichuan, Shaanxi, and
Guangxi. As can be seen in Figure 9, there are 16 provinces
with power carbon deﬁcit in 2018, including 13 provinces
(cities) with deﬁcit power exceeding 10 million MWh, which
increase by Shandong, Henan, Chongqing, Hunan, and

Jiangxi compared with 2008. In 2018, there are 14 provinces
with power output in China and ten provinces with the
power output of more than 10 million MWh. According to
the power output scale, they are Inner Mongolia, Sichuan,
Yunnan, Guizhou, Shanxi, Hubei, Anhui, Xinjiang, Ningxia,
and Gansu.
According to the installed ratio of thermal power (IRTP),
annual utilization hours (AUH) of thermal power, and
power carbon footprint depth (PCFD) in power deﬁcit areas
in 2008 and 2018, a comparison table of installed capacity of
thermal power and depth of power carbon footprint in
power deﬁcit areas can be constructed (Table 2).
As illustrated in Table 2, in 2008 and 2018, the provinces
with serious power deﬁcit have a high installed ratio of
thermal power, and the utilization rate of thermal power
units in these provinces is far higher than the national
average. Therefore, the high installed ratio and utilization
rate of thermal power are the main reasons for the high
depth of PCF in power deﬁcit provinces.
5.2. Power Carbon Footprint Transfer. It can be seen from
Figures 7 and 8 that there is a serious spatial mismatch
between power generation and consumption in China. In
northern China, the power deﬁcit provinces are concentrated in Jing-Jin-Ji (Beijing-Tianjin-Hebei) region, and the
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Figure 8: Distribution map of China’s power carbon footprint deﬁcit in 2008.

power output provinces are Inner Mongolia, Shanxi,
Shaanxi, Ningxia, Gansu, and Xinjiang, which are dominated by thermal power installation. In southern China, the
power deﬁcit areas are mainly concentrated in Jiang-Zhe-Hu
(Jiangsu, Zhejiang, Shanghai) region, and the power output
provinces are mainly Yunnan, Sichuan, Guizhou, and Hubei
provinces with hydropower installation. This pattern of

supply and demand determines the transfer path of China’s
PCF. The main directions are from northwest to east, from
southwest to east, and from southwest to south.
Besides, the transfer of PCF during power transmission
also aﬀects the depth of PCF in power-exporting provinces.
The installed power in Northwest China is mainly thermal
power. With the transfer of PCF, the carbon footprint of the
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Figure 9: Distribution map of China’s power carbon footprint deﬁcit in 2018.

northwest regions is increased due to the increase of thermal
power CE. The power output provinces of Southwest China
mainly export clean energy power. In theory, renewable
energy power production can replace part of thermal power
production and to a certain extent improve the regional CE

capacity. Therefore, a large number of hydropower resources
in Southwest China are beneﬁcial to the decrease of the
regional PCF depth. As a result, the CE carrying capacity of
the southwest region has increased, and the PCF depth has
declined.
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Table 2: TPIC and PCFD of China’s power deﬁcit provinces in 2008 and 2018.
Deﬁcit area
Liaoning
Hebei
Beijing
Tianjin
Shandong
Henan
Chongqing
Hunan
Jiangxi
Jiangsu
Shanghai
Zhejiang
Guangdong
China

IRTP (%)
85.87
86.93
81.46
99.73
96.06
—
—
—
—
93.88
99.19
76.21
74.33
75.87

2008
AUH (h)
4851
5650
3920
4325
5410
—
—
—
—
5469
4941
5536
5338
3856

PCFD (%)
24.5
42.93
18.44
20.06
83.71
—
—
—
—
110.22
112.25
57.34
80.56
15.81

6. Conclusions
According to the CE of regional power production and the
carrying capacity of the ecological environment, this paper
built a PCF depth model to analyze the spatial and temporal
diﬀerences of the regional PCF depth of China. The result
shows that, ﬁrstly, the depth of China’s PCF has increased
year by year, and the gravity center of PCF depth moved
eastward gradually. Due to the signiﬁcant diﬀerence of
thermal power production in diﬀerent provinces (cities), the
spatial diﬀerence in the depth of regional PCF was noticeable. Secondly, the correlation between the depth of
regional PCF and the installed capacity of regional thermal
power was more signiﬁcant than that of regional renewable
energy, and the impact of regional renewable energy installed capacity on the depth of regional PCF was increasingly inﬂuential. Thirdly, more than half of China’s
provinces (cities) had power carbon deﬁcit in 2018, and the
deﬁcit level was much higher than that of 2008. The regions
with serious power carbon deﬁcit were also with high PCF
depth, and the installed proportion and utilization hours of
thermal power in these regions were much higher than those
of other regions.
Based on the analysis of the spatial and temporal
diﬀerences in the depth of China’s regional PCF, this
paper proposes the following suggestions: (1) Control the
scale of thermal power installations in the central and
eastern regions to reduce the regional environmental
pressures by decreasing approval and accelerating
decommissioning old thermal power units. (2) Vigorously
develop renewable energy in the provinces (cities) with
severe power deﬁcits, and guide high-energy-consuming
industries shift from the power deﬁcit provinces (cities) to
the areas with abundant power production. (3) Avoid the
excessive development of hydropower resources and increase the proportion of wind power and photovoltaic
power generation in Southwest China. (4) Optimize the
carbon footprint transfer path, and improve the consumption level of wind power and photovoltaic in
Northwest China.

IRTP (%)
72.20
67.21
88.34
93.49
82.31
83.29
66.35
53.02
61.05
83.77
94.62
74.43
78.93
57.14

2018
AUH (h)
4251
5056
3754
4147
4660
3825
3020
3564
5023
4909
3731
4165
4069
2010

PCFD (%)
31.81
62.89
35.90
33.56
115
80.97
13.13
18.65
20.89
1.25
118.85
76.39
99.43
28.77

The proposed PCF depth model can scientiﬁcally evaluate the pressure of regional power production on the
environment and can be used to analyze the impact of power
production, transmission, and consumption on the regional
ecological environment. The results of this study can provide
references for formulating emission reduction policies and
optimizing the power structure. The model and method can
also be used to analyze the energy and environmental
problems for other countries.
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