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Abstract Energy conservation and carbon emission reduction are the same root and homology issues. A
comprehensive accounting of CO, emissions of the research objects can objectively evaluate their green and low-
carbon levels at the current stage, tap their energy conservation and emission reduction potential, and lay a solid
foundation for formulating energy conservation and emission reduction policies according to local conditions.
Therefore, this paper firstly takes the “traditional carbon” accounting based on the carbon emissions of energy
consumption as the accounting basis, adds the accounting of potential carbon emissions of waste discharge, implicit
carbon emissions of net electricity input and forest carbon sequestration, and constructs a new “Full Carbon”
accounting system. Then, the carbon emission intensity of China's provinces under the “Full Carbon” accounting
system during the 13th Five-Year Plan period is calculated to characterize the low-carbon level of each province.
Finally, the spatial correlations of China's provincial low-carbon levels under the two accounting systems are
analyzed by using Moran's | index method, and the two results are compared. The results show that there are some
differences in the spatial correlations of provincial low-carbon levels under the “traditional carbon” and the “Full
Carbon” accounting systems, which are as follows: (1) On the whole, the low-carbon levels of the “traditional
carbon” accounting system showed more significant spatial correlations in provinces than in the “Full Carbon”
accounting system, but the regional spatial spillover effect of spatial agglomeration formed by the “Full Carbon”
accounting system was more obvious; (2) From a local perspective, under the “traditional carbon” accounting
system, the “Low-Low” agglomeration regions formed by southeast and south-central China showed positive spatial
spillover effect. Under the “Full Carbon” accounting system, the “Low-Low” agglomeration area formed by Sichuan
and Yunnan in southwest China showed a positive spatial spillover effect, while the “High-High” agglomeration
area located in Nei Mongolia showed a negative spatial spillover effect.
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1. Introduction

The uncontrolled destruction of the environment by
human beings has caused many environmental problems
that have seriously threatened human survival, and the
greenhouse effect is one of the most obvious
environmental problems. Carbon, as the most basic
element in nature, is inseparable from human production
and life. The large amount of CO, emissions is the main
cause of the greenhouse effect. The carbon cycle is closely
related to the future fate of all human beings, and every
country should bear the corresponding responsibility for
emission reduction. How to reasonably calculate CO,
emissions and effectively control them within a certain
threshold range has become an important global issue.

However, with the deepening of theoretical and practical
researches, the research on carbon accounting has
expanded to a wider range of fields from the initial
accounting of direct carbon emissions caused by energy
consumption. For example, Kerong Zhang et al. [1]
incorporated the sub-accounts of carbon emissions from
waste discharge, energy consumption and the sub-account
of carbon absorption into the carbon accounting system,
compiled the carbon emission list of Anhui Province from
2000 to 2019, and comprehensively analyzed the carbon
emission and carbon absorption capacity of Anhui
Province based on this. Pieter et al. [2] included the sub-
accounts of waste emission carbon emissions and energy
consumption carbon emissions into the carbon accounting
system and used the FEWprint comprehensive carbon
accounting platform to calculate the carbon emissions of
cities such as Tokyo, Doha, and Amsterdam, providing a
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feasible path for urban-scale carbon accounting. However,
few studies have included carbon emissions from the net
input of electricity into the accounting system for
environmental equity. To make up for this shortage, this
paper includes the net input (output) of electricity into the
carbon accounting system, and constructs a “Full Carbon”
accounting system that includes the carbon emissions of
traditional energy consumption, the potential carbon
emissions of waste emission, and the implicit carbon
emissions of net input (output) of electricity.

In terms of the spatial correlations of regional low-
carbon levels, Moran’s | index is widely used. For
example, Xuhui Ding et al.[3] studied the spatial
correlations of carbon emission intensities in 11 provinces
of the Yangtze River Economic Belt from 2004 to 2016
by using global and local Moran's | index. Mei Song et al.
[4] studied the spatial correlations of carbon emission
intensities in the Bohai Rim Economic Zone from 2006 to
2017 by using Moran’s | index and further analyzed the
influencing factors of the spatial spillover effects of the
intensities by using the spatial Durbin model. Qingwei Shi
et al. [5] studied the spatial correlation of carbon emission
intensity in China’s urban construction sector from 2000
to 2015 by using global and local Moran’s | index, and
further analyzed the corresponding influencing factors by
using the spatial Durbin model. Based on this, this paper
uses global and local Moran’s | index to analyze the
spatial correlations of low-carbon levels in provinces in
China during the 13th Five-Year Plan period under the
two carbon accounting systems of “traditional carbon” and
“Full Carbon”, to verify the progress of the “Full Carbon”
accounting system.

The marginal contributions of this paper are as
follows:(1) Different from the “traditional carbon”
accounting system that only considers the carbon
emissions from energy consumption, the “Full Carbon”
accounting system, which is more comprehensive in CO,
emissions accounting, is constructed to account for
direct carbon emissions from energy consumption,
potential carbon emissions from waste discharge, implicit
carbon emissions from net power input and forest carbon
sequestration; (2) By comparing the spatial correlations of
low-carbon levels at the provincial level under the two
carbon accounting systems, the paper verifies the progress
and operability of the “Full carbon” accounting system
compared with the “traditional carbon” accounting system
from an empirical perspective, laying a foundation for the
formulation of more targeted regional CO, emission
reduction policies.

2. Research Methods

2.1. “Full Carbon” Accounting

2.1.1. Construction of “Full Carbon” Accounting
Accounts

“Full Carbon” accounting includes not only the
accounting of direct carbon emissions generated by
traditional energy consumption but also the accounting of
potential carbon emissions from waste discharge, implicit
carbon emissions from net input of electricity and carbon
sequestration in forests. The composition of “Full Carbon”
accounting accounts is shown in Table 1.

Table 1. Composition of “Full Carbon” accounting accounts

sub-account

Specific statistical indicators

Coal: coal and coke consumption

Energy consumption

Oil: petroleum, crude oil, gasoline, kerosene, diesel and fuel oil consumption

Gas: liquefied petroleum gas and natural gas consumption

“Full Carbon” accounting

Waste gas discharge

accounts

Waste water discharge

Waste discharge

Domestic waste disposal

Industrial solid waste discharge

Net input of electricity

Electricity consumption - power generation(negative for net output area)

Woodland area

New afforestation area

The necessity of adding three sub-accounts is explained
as follows:

1. Potential
Discharge

According to the law of energy conversion, any energy
will lose and dissipate in the process of doing work or
storing energy, that is, some energy will dissipate in the
form of heat energy, thus losing its function. The
dissipated heat energy emitted into the environment will
cause environmental pollution, and the consumption or
degradation of this part of pollutants requires further
energy consumption and generates carbon emissions,
which also forms potential carbon emissions. The higher
the energy utilization efficiency of the system, the smaller
the difference between the total energy input and the
useful energy of the system, the fewer pollutants emitted
to the environment, the less energy used to absorb or
degrade pollution, and the corresponding potential carbon
emissions. The waste energy generated by the production

Carbon Emissions from Waste

of products of the same quality can be used as a scale to
measure the production level. The less waste emissions,
the higher the energy efficiency, and the higher the
production level. This study will include the potential
carbon emissions from waste emissions into the “Full
Carbon” accounting account, to objectively compare and
analyze the impact of different production levels on
carbon emissions and carbon balance.

2. Implicit Carbon Emissions from Net Power Input

If the transfer of power resources between different
research objects is not considered, the environmental
capacity (i.e. carbon share) occupied by carbon emissions
generated in the process of power generation will be
totally included in the total carbon emissions of the
research objects that export power resources. In the
context of carbon neutrality, the research objects that
export power resources will also bear the responsibility for
emission reduction and pay the corresponding emission
reduction costs, while the research objects that receive
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power resources do not bear the corresponding emission
reduction responsibility, nor do they need to pay the costs.
Obviously, this is not reasonable. Therefore, from the
perspective of environmental equity, this study will
include the power input and output into the “Full Carbon”
accounting system.

3. Forest Carbon Sequestration

In nature, forests, soil, grasslands, wetlands and other
areas have carbon sequestration, among which forests
account for the largest amount of carbon sequestration.
Based on this, the Kyoto Protocol published in 1997
stipulated that “In the joint performance, emission trading
and clean development mechanism, countries are allowed
to offset their carbon emission reduction commitments
through  artificial  afforestation, forest, farmland
management and other man-made activities”. The Paris
Agreement published in 2015 also included forests as a
separate provision in the agreement. Therefore, when
constructing the “Full Carbon” accounting system, this
study takes forests as a representative and takes their
carbon sequestration as a sub-account into the accounting
system.

In summary, this study combines the three sub-accounts
of potential carbon emissions from waste discharge,
implicit carbon emissions from net power input and forest
carbon sequestration with the traditional energy carbon
emission accounts to form the “Full Carbon” accounting
system to comprehensively calculate the CO, emissions of
each research object.

2.1.2. “Full Carbon” Accounting Methods

The carbon emission accounting methods of each sub-
account are as follows:

1. Direct Carbon Emissions from Energy
Consumption: The traditional emission factor method is
used to calculate the direct carbon emissions from
traditional energy consumption. The calculation formula is
as follows:

10

TCOZeIOC-Z(Vrii) (1)
B

In the formula, TCO 26 is the direct carbon emissions

from energy consumption; V; is the consumption of class
i’s energy; 4; is the carbon emission factor of class i’s
energy consumption; « is the carbon emission adjustment
factor of energy consumption in each year.

2. Potential Carbon Emission of Waste Discharge:
Based on the energy value analysis theory (Odum, 1983)
[6], the potential carbon emission of waste discharge is
calculated according to the conversion idea of “waste
discharge — solar energy value — electric energy —
carbon emission”, and the calculation formula is as
follows:

iVi'ﬂi_ o
= 7 36-10°

In the formula, is the potential carbon emission of waste
discharge; v; is the emission of class i’s waste; g; is the

TCOZW = (2)

solar energy value conversion coefficient of class i’s waste;
y is the energy conversion rate of electric energy and its
value is 1.05x10%/sei/J; & is the CO, conversion factor of
the national power grid in China.

3. Implicit Carbon emission of net power input: The
implicit carbon emission of net power input is calculated
by the power carbon emission factor method, that is, the
implicit carbon emission of net power input (net power
output area is negative) can be obtained by multiplying the
net power input with the CO, conversion factor of the
national power grid, and the calculation formula is as
follows:

TCOZC =0- NC 3

In the formula, TCOZC is the implicit carbon

emission of net power input (output); NC is the net

power input. (When the net power input is negative, it
indicates that the area is a net power output area); Jis the
same as above.

4. Forest carbon sequestration: Referring to the
relevant regulations in the Kyoto Protocol and the Paris
Agreement, with 2015 as the base year, the new
afforestation area after 2015 as the representative of
carbon sequestration, and incorporated into the “Full
Carbon” accounting system, the forest carbon
sequestration is calculated by the accumulation method,
and the calculation formula is as follows:

Forest carbon sequestration = Tree biomass carbon
sequestration + Carbon sequestration by understory
vegetation + Woodland carbon sequestration

n-1

Z (I+ov+vp)-
i—2015 (V304 Us)

In the formula, CF,, is the forest carbon sequestration in
the year n; n is the evaluation year; o, is the carbon
conversion coefficient of understory vegetation, which is
0.195; v, is the conversion coefficient of woodland carbon
sequestration, which is 1.243; v; is the biomass expansion
coefficient, which is 1.9; v, is the volume coefficient,
which is 0.5; vs is the carbon content rate, which is 0.5; vg
is the forest accumulation per unit area; S is the new
afforestation area.

The “Full Carbon” emission of the studied area can be
obtained by summing up the calculation results of the
carbon emission or carbon sequestration of the above sub-
accounts, and the calculation formula is as follows:

CH, = '(UG'Si)(4)

Tco, =Tcoye +Tcogy, +Tcoy. —~Chn ®)

In the formula, TC02 is the “Full Carbon” emission,

and the other symbols have the same meaning as above.

See the appendix for other conversion coefficients and
adjustment factors used in the “Full Carbon” accounting in
this study.

2.2. Spatial Correlation Analysis of Low-
carbon Level
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Based on the results of the “Full Carbon” accounting in
each research region, the carbon emission intensity in each
research region is used as the measurement index of low-
carbon level. By analyzing the global and local spatial
correlations of low-carbon levels and comparing them
with the results under the “traditional carbon™ accounting
system, the progressiveness and feasibility of the “Full
Carbon” accounting system are verified.

2.2.1. Construction of Spatial Weight Matrix

The construction of a spatial weight matrix is the basic
work for the study and analysis of spatial correlation. The
commonly used spatial weight matrices include spatial
adjacency weight matrix, inverse distance weight matrix,
economic distance weight matrix, or the nested form of
the two weight matrices. This study adopts the spatial
Queen adjacency weight matrix established according to
whether the research region has adjacency. Assuming that
i and j represent any two different spatial units (ij), the
construction method of the spatial Queen adjacency
weight matrix is as follows:

1, iisadjacent to j
Wij = ®)
0, iandj are not adjacent

2.2.2. Analysis of Global Spatial Correlation

Global spatial auto-correlation is usually used to detect
the attribute values of the research region units adjacent or
close to space. This study uses the global Moran's | index
(Anselin, 1988) [7] widely used in the academic field to
test whether the low-carbon level in the research region
has global spatial auto-correlation. The construction
method of the global Moran's | index is as follows:

Zﬁ jﬁﬂwu(xi_;)(x,—_;) o
2y 3w,

i=1j=1

In the formula, | is the global Moran’s | index; n is the
number of research regions; W represents the spatial
Queen adjacency weight matrix that has been constructed;
Xi and X; represent the observed carbon emission
intensities of research region i and the region j
respectively.

2.2.3. Local Spatial Correlation Analysis

To study whether the low-carbon level of each province
has a spillover effect on its adjacent regions, and if there is
a spillover effect, in what way, this study further
constructs the local Moran’s | index, namely the local
auto-correlation Lisa index (Anselin, 1995) [8], to identify
the local spatial auto-correlation of the low-carbon level.
The construction method of the Lisa index is as follows:

.y n _
Ii:¥ZWﬁ(Xj—X) (8)
S j=1

In this formula, |; is the local Moran's | index. When it
is positive, it means that the similarity values of local
spatial units tend to be spatially clustered; When it is
negative, it means that the units tend to be spatially
dispersed. Wj; represents the constructed spatial adjacency
weight matrix. X; and X; represent the observed carbon
emission intensities of research region i and the region j

n n
respectively; 52 :%Z(Xi — X); X =£Z Xj -

3. Empirical Research

3.1. Research Objects and Data Sources

The 31 provinces and regions of China during the 13th
Five-Year Plan period (2016-2020) were taken as research
objects. Due to the missing data of Hong Kong, Macao
and Taiwan, they were not included in the research scope
of this study. The data used in this study came from China
Statistical ~Yearbook (2017-2021), China Energy
Statistical Yearbook (2017-2021), China Environmental
Statistical Yearbook (2017-2021), China Provincial
Statistical ~ Yearbook  (2017-2021), environmental
statistical bulletin of some provinces and wind database.
BP database, World Bank database, etc.

3.2. Provincial “Full Carbon” Accounting
Results

According to formulas (1)-(5), the “Full Carbon” of 31
provinces in China during the 13th Five-Year Plan period
was calculated. Due to space limitation, only the Full
Carbon accounting results of 31 provinces in China in the
first and last years of the 13th Five-Year Plan period
(namely, 2016 and 2020) are presented here, as shown in
Table 2 and Table 3.

3.3. Calculation of Provincial Low-Carbon
Level

By dividing the Gross Regional Product (GRP) created
by each province in each year by its “Full Carbon”
accounting result, the CO, emissions generated by the
creation unit of GRP, namely carbon emission intensity,
can be obtained. In this study, the low-carbon level of
each province is directly measured by this index.
The smaller the index value, the higher the low-carbon
level of the province, and vice versa. The calculation
results are shown in Table 4.
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Table 2. “Full Carbon” accounting results of 31 provinces in China in 2016 (unit: ten thousand tons)
count Direct Carbon Emissions of | Potential Carbon Emissions | Implicit Carbon Emissions of Forest Carbon Full ”
- . . - Carbon
Provi Energy Consumption of Waste Emissions Net Input of Electricity Sequestration Emissions
Beijing 8861.81 3183.28 354047 58.96 15526.61
Tianjin 15834.83 1127.53 1150.47 31.39 18081.43
Hebei 65192.95 7194.98 3830.84 1160.45 75058.32
Shanxi 56229.75 4444.69 -4459.13 1333.30 54882.00
Nei Mongolia 57638.75 3414.65 -8126.51 4763.35 48163.53
Liaoning 57737.69 5836.86 1562.96 1297.53 63839.98
Jilin 19244.57 2127.26 -559.76 2988.16 17823.91
Heilongjiang 29862.81 2961.29 -22.90 1450.99 31350.21
Shanghai 25084.44 3906.37 4101.57 18.96 3307341
Jiangsu 65641.65 11255.22 4529.71 236.59 81190.00
Zhejiang 36457.19 7838.09 4082.23 385.48 47992.02
Anhui 30408.05 4905.98 -2765.94 1538.52 31009.56
Fujian 21747.67 4364.34 -234.77 2642.72 23234.52
Jiangxi 17604.49 4510.66 587.08 1343.47 21358.76
Shandong 109470.56 8077.19 371.52 880.97 117038.31
Henan 47327.18 7808.07 203341 1290.85 55877.80
Hubei 29849.94 5354.61 -4326.24 1655.12 29223.19
Hunan 26113.07 5377.21 668.11 3369.90 28788.50
Guangdong 55851.93 16294.85 8136.72 2712.25 77571.24
Guangxi 18860.55 3659.80 79.41 1084.78 21514.97
Hainan 5542.72 824.63 -2.54 213.73 6151.08
Chongging 12078.59 3573.30 1351.82 1664.93 15338.78
Sichuan 28384.09 6788.92 -7087.41 4838.70 23246.90
Guizhou 22744.48 2272.06 -4001.74 3398.22 17616.58
Yunnan 16544.06 3959.76 -7747.25 6312.46 6444.12
Shaanxi 35721.48 3500.82 -2419.32 2370.48 34432.50
Gansu 15556.73 1540.33 -901.49 1828.33 14367.23
Qinghai 4506.89 1489.42 510.94 151.26 6355.98
Ningxia 15001.13 806.02 -1555.89 119.93 14131.33
Xinjiang 38020.54 2282.96 -2433.33 1583.79 36286.37
Xizang 1346.93 184.61 -31.79 1468.34 31.41
Table 3. “Full Carbon” accounting results of 31 provinces in China in 2020 (unit: ten thousand tons)

ount Direct Carbon Emissions of | Potential Carbon Emissions | Implicit Carbon Emissions of Forest Carbon c a:f:ttj C:L
Provi Energy Consumption of Waste Emissions Net Input of Electricity Sequestration Emissions
Beijing 6980.85 2021.45 3965.50 417.04 12550.75
Tianjin 14865.02 1011.46 600.70 213.96 16263.23
Hebei 68562.75 4765.78 2956.88 8082.33 68203.09
Shanxi 82446.60 4981.24 -6748.55 7237.31 73441.98
Nei Mongolia 81679.46 3395.75 -11102.74 22483.94 51488.54
Liaoning 71055.47 5634.21 1671.77 4987.60 73373.85
Jilin 18480.75 1892.98 -1242.35 11010.50 8120.88
Heilongjiang 28893.87 2608.07 -719.51 5810.21 24972.22
Shanghai 23424.61 3597.44 4149.85 105.58 31066.33
Jiangsu 63126.41 9115.55 6719.03 1047.16 77913.83
Zhejiang 43800.07 729291 7545.39 167151 56966.85
Anhui 33794.77 5233.73 -2213.49 5111.20 31703.81
Fujian 26982.68 6102.28 -976.37 11698.38 20410.20
Jiangxi 18987.11 3722.24 1059.10 7951.62 15816.83
Shandong 113707.27 8289.99 6586.04 3289.04 125294.26
Henan 41865.48 5778.09 2822.96 5458.47 45008.06
Hubei 29275.22 5801.55 -5065.39 9986.54 20024.84
Hunan 25980.76 5794.43 2176.25 16710.56 17240.88
Guangdong 60740.46 13431.43 9877.52 10086.63 73962.79
Guangxi 21414.66 4818.88 337.68 5681.81 20889.40
Hainan 4630.37 725.93 101.50 703.51 4754.30
Chongging 11557.44 2606.04 2007.24 8410.89 7759.83
Sichuan 24704.89 6537.00 -7653.40 29261.60 -5673.11
Guizhou 21512.39 2703.99 -4179.95 16412.03 3624.40
Yunnan 21868.22 3167.90 -9583.25 23782.93 -8330.05
Shaanxi 39668.48 3730.82 -3709.16 10586.83 29103.31
Gansu 17324.32 1564.44 -2244.69 9916.99 6727.08
Qinghai 3961.67 1467.40 -1219.81 1230.25 2979.02
Ningxia 24330.69 871.88 -4905.73 653.98 19642.86
Xinjiang 48126.00 1996.79 -5942.82 7357.78 36822.20
Xizang 1290.75 278.67 -40.09 6791.02 -5261.69
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Table 4. “Full Carbon” emission intensities of 31 provinces in China
(unit: ton /10,000 yuan)

and low in the north.” Specifically, in 2016, the southwest
and southeast regions had high low-carbon levels, the
south-central regions had higher low-carbon levels, and
the northeast and northwest regions had low low-carbon
levels; In 2020, the southwest region had high low-carbon
levels, the southeast and south-central regions had higher
low-carbon level, and the northeast and northwest regions
had lower low-carbon levels.

3.4. Spatial Correlation Analysis of Provincial
Low-Carbon Level

3.4.1. Spatial Correlation Analysis of Global Low-
Carbon Level

Using statal7 software and according to formula (7),
the global spatial correlation of low-carbon levels in 31
provinces in China during the “13th Five-Year Plan”
period under the “Full Carbon” accounting system was
tested, and the results are shown in Table 5.

Table 5. Moran's | test results of low-carbon level in 31 provinces
during China's 13th Five-Year Plan period

Year 2016 2017 2018 2019 2020
Provin
Beijing 0.57 0.52 0.47 0.43 0.35
Tianjin 158 143 133 125 1.16
Hebei 2.64 2.30 2.30 1.98 1.89
Shanxi 459 4.35 4.46 423 412
Nei Mongolia 3.49 3.10 3.10 3.05 2.98
Liaoning 3.13 3.00 2.93 2.8 2.93
Jilin 171 145 1.15 0.93 0.66
Heilongjiang 2.64 2.45 2.07 1.93 1.83
Shanghai 111 101 0.89 0.86 0.80
Jiangsu 1.05 0.93 0.86 0.82 0.76
Zhejiang 1.02 0.96 0.87 0.81 0.88
Anhui 118 1.03 0.92 0.82 0.83
Fujian 0.78 0.65 0.59 053 0.47
Jiangxi 1.16 0.99 0.85 0.73 0.61
Shandong 1.99 1.86 1.82 172 172
Henan 1.39 119 1.04 0.91 0.83
Hubei 0.88 0.76 0.62 0.59 0.47
Hunan 0.93 0.80 0.66 0.52 0.42
Guangdong 0.94 0.85 0.80 0.70 0.67
Guangxi 133 121 1.06 0.97 0.94
Hainan 150 131 1.20 112 0.85
Chongging 0.85 0.70 0.58 0.40 0.31
Sichuan 0.70 0.36 0.07 002 | 012
Guizhou 1.49 112 0.64 0.42 0.20
Yunnan 0.39 0.07 003 | -019 | -0.34
Shaanxi 181 156 1.34 1.26 112
Gansu 2.08 1.69 1.37 0.94 0.75
Qinghai 2.81 2.30 1.66 1.26 0.99
Ningxia 5.08 516 5.26 514 4.96
Xinjiang 3.77 3.33 2.86 2.66 2.67
Xizang 0.03 091 | -160 | -223 | 277

Yceé: index | Bl | so@y | z | P-value
2016 0334 | 0033 | 0418 | 3113 | 0001
2017 0.276 | 0.033 | 0116 | 2.656 | 0.004
2018 0.272 | 0033 | 0115 | 2.656 | 0.004
2019 0.244 | 0.033 | 0114 | 2.425 | 0.008
2020 0.222 | 0033 | 0114 | 2.233 | 0013

To more intuitively reflect the spatial distribution of
low-carbon level in each province, based on the
calculation results in Table 4, this study uses the natural
break point method (Jenks method) in GIS10.7 software to
classify the low-carbon levels in each year. Due to space
limitations, only the spatial distribution of low-carbon
levels in China's 31 provinces in 2016 and 2020 is shown
here, as shown in Figure 1.

Note: This map is based on the standard map GS(2020)4624 downloaded
from the standard map service website of the National Administration of
Surveying, Mapping and Geographic Information of China. The base
map has not been modified.

Figure 1. Spatial distribution map of provincial low-carbon levels under
China's “Full Carbon” accounting in 2016 and 2020

It can be seen from Figure 1 that under the “Full carbon”
accounting system, the low-carbon levels of 31 provinces
in China during the 13th Five-Year Plan period show the
spatial distribution characteristics of “high in the south

It can be seen from Table 5 that the global Moran's |
index of the low-carbon level of the 31 provinces in China
during the 13th Five-Year Plan period is positive, and it is
significant at the 1% confidence level from 2016 to 2019,
and at the 5% confidence level in 2020, indicating that the
low-carbon levels of the 31 provinces in China during the
13th Five-Year Plan period showed obvious positive
spatial auto-correlation.

AIN IANG

Note: This map is based on the standard map GS(2020)4624 downloaded
from the standard map service website of the National Administration of
Surveying, Mapping and Geographic Information of China. The base
map has not been modified.

Figure 2. Spatial Lisa map of China's “Full Carbon” accounting for
provincial low-carbon levels in 2016 and 2020

In addition, under the “traditional carbon” accounting
system, the provinces also showed significant positive
spatial auto-correlation, indicating that under the two
accounting systems, China's provincial low-carbon levels
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during the 13th Five-Year Plan period showed significant
global spatial auto-correlation.

3.4.2. Spatial Correlation Analysis of Local Low-
Carbon Level

After verifying the global spatial correlation of low-
carbon level in each province, the local Moran's | index
was calculated by Formula (8), and the local spatial
characteristics of the level in each province were
visualized by drawing a Lisa diagram. With 2016 and
2020 as representatives, the local spatial correlation of
low-carbon levels in all provinces under the “Full Carbon”
accounting system is shown, as shown in Figure 2.

Figure 2 directly reflects four local spatial aggregation
forms of low-carbon levels in 31 provinces during the
13th Five-Year Plan period in China, namely, High-High
agglomeration, Low-Low agglomeration, Low-High
agglomeration, and High-Low agglomeration. From the
indicator of low-carbon level, the area with a “High-High”
agglomeration form in this study indicates that the low-
carbon levels of this area and its adjacent areas are low.
The area with a “Low-Low” agglomeration form indicates
that the area and its adjacent areas have a high low-carbon
level; The area with a “Low-High” agglomeration form
indicates that the low-carbon level in this area is high, but
the low-carbon level in its adjacent area is low. A region
with a “High-Low” agglomeration pattern indicates that
the region has a low low-carbon level, but its adjacent
regions have a high low-carbon level.

It can be seen from Figure 2 that the specific
manifestations of the four spatial agglomeration forms are
as follows: (1) “High-High” agglomeration: In 2016, Nei
Mongolia and Gansu showed “High-High” agglomeration;
In 2020, Nei Mongolia and Hebei showed “High-High”
agglomeration, indicating that the low-carbon levels of the
provinces mentioned above and their adjacent areas were
low, which is consistent with the situation shown in
Figure 1. Among them, Hebei had changed from
insignificant in 2016 to “High-High” agglomeration in
2020, indicating that the low low-carbon level in Nei
Mongolia had hindered the improvement of low-carbon
level in its adjacent regions; (2) “Low-Low”
agglomeration: In 2016, Yunnan, Guizhou, Guangxi,
Hunan and Jiangxi showed “low-low” agglomeration, and
in 2020, Sichuan and Yunnan showed “Low-Low”
agglomeration, indicating that the low-carbon levels of the
above provinces and adjacent areas were high, which is
consistent with the situation shown in Figure 1. Among
them, Sichuan had changed from insignificant in 2016 to
“Low-Low” agglomeration in 2020, indicating that the
spatial agglomeration areas with high low-carbon levels
formed in Yunnan, Guizhou, Guangxi, Hunan and Jiangxi
had a positive spillover effect on the surrounding areas,
which promoted the improvement of low-carbon level in
the surrounding areas. (3) “Low-High” agglomeration: In
2016, Jilin showed “Low-High” agglomeration, and in
2020, Jilin and Gansu showed “Low-High” agglomeration,
indicating that Jilin and Gansu had a high low-carbon
level, but due to their limited capacity, they could not
drive the improvement of low-carbon level in adjacent
areas, so the adjacent areas still maintain a low low-carbon
level. Among them, Gansu had changed from “High-High”
agglomeration in 2016 to “low-high” agglomeration in

2020, indicating that there was a spillover effect in the
“Low-Low” agglomeration areas formed by Sichuan and
Yunnan, which promoted the improvement of low-carbon
level in adjacent areas. (4) “High-Low” agglomeration:
Xinjiang has changed from insignificant in 2016 to “High-
Low” agglomeration in 2020, which indicates that its low-
carbon level was low, but the adjacent regions had high
low-carbon levels, which indicates that its ability to
undertake spatial spillover from the adjacent regions with
high low-carbon levels was poor, so it could not improve
its own low-carbon level.

This study also studies the spatial correlation of low-
carbon levels in 31 provinces during the 13th Five-Year
Plan period under the “traditional carbon” accounting
system. Due to space limitations, only the results of 2016
and 2020 are shown, as shown in Figure 3.

Note: This map is based on the standard map GS(2020)4624 downloaded
from the standard map service website of the National Administration of
Surveying, Mapping and Geographic Information of China. The base
map has not been modified.

Figure 3. Spatial Lisa map of China's “traditional carbon” accounting for
provincial low-carbon levels in 2016 and 2020

By comparing Figure 2 with Figure 3, it can be seen
that there are certain differences in the local spatial
correlations of low-carbon levels in 31 provinces under
the “traditional carbon” and “Full Carbon” accounting
systems in 2016 and 2020.

On the whole, compared with the “traditional carbon”
accounting system, there were fewer regions with
significant spatial agglomeration of low-carbon levels
under the “Full Carbon” accounting system. However,
from the perspective of the dynamic change of spatial
correlation of low-carbon levels, the spillover effect of
provincial low-carbon level spatial agglomeration under
the “Full Carbon” accounting system was more obvious.

Locally, firstly, in terms of “High-High” agglomeration,
Ningxia and Shanxi had changed from “High-High”
agglomeration under the “traditional carbon” accounting
to insignificant agglomeration under the “Full Carbon”
accounting. The reasons are as follows: (1) Ningxia and
Shaanxi were both net power output provinces and the
implicit carbon emission of net power input was negative,
which is manifested as carbon reduction. In particular,
Ningxia's net power output carbon reduction per unit GRP
ranked first among 31 provinces; (2) The forest carbon
sequestration per unit GRP in Shanxi was higher, which
promoted the promotion of low-carbon level; Secondly, in
terms of “Low-Low” agglomeration, the “Low-Low”
agglomeration areas under the “traditional carbon”



98 Applied Ecology and Environmental Sciences

accounting were mainly concentrated in the southeast
coastal areas and the south-central regions of China, while
the “Full Carbon” accounting system was concentrated in
the southwest and some south-central regions of China.
Specifically, provinces in the southeast coastal region had
changed from “Low-Low” agglomeration under the
“traditional  carbon” accounting to insignificant
agglomeration under the “Full Carbon” accounting system,
and Sichuan and Yunnan in the southwest region had
changed from insignificant under the “traditional carbon”
accounting to “Low-Low” agglomeration under the “Full
Carbon” accounting system, because: (1) Most provinces
in the southeast coastal region were large power net input
provinces, with high power net input carbon emission per
unit GRP, and the role of forest carbon sequestration was
relatively limited; (2) Sichuan and Yunnan in the
southwest China are both large net power output provinces,
their carbon reductions per unit GRP of net power output
were at the forefront of 31 provinces, and they were rich
in forest resources, their forest carbon sequestration roles
were also at the forefront of the country.

To sum up, under the “traditional carbon” and “Full
Carbon” accounting systems, the spatial correlation of the
low-carbon level of the same research object presented
different characteristics, which proves the progress of the
“Full Carbon” accounting system at the empirical level
and lays a solid foundation for proposing regional policies
to reduce carbon and increase efficiency under the Full
Carbon” accounting system.

4. Conclusions

(1) Under the “Full Carbon” accounting system, China's
provincial low-carbon level during the 13th Five-Year
Plan period generally presented a distribution trend of
“high in the south and low in the north”. Specifically, the
low- carbon levels ware high in southwest and southeast
China, higher in south-central China, and low in northeast
and northwest China. The “Low-Low” agglomeration area
formed by Sichuan, Yunnan, Guizhou, Guangxi, Hunan
and Jiangxi had a spatial spillover effect, which promoted

the improvement of the low-carbon levels of the
surrounding  provinces, while the  “High-High”
agglomeration area of Nei Mongolia inhibited the

improvement of the low-carbon levels of the surrounding
provinces.

(2) Under the “traditional carbon” accounting system,
there was a spatial spillover effect in the “Low-Low”

agglomeration areas formed by the southeast region and
the south-central region, which promoted the
improvement of the low-carbon levels of the surrounding
provinces.

(3) There were differences in the agglomeration
characteristics of the spatial correlations of regional low-
carbon levels under the two accounting systems of
“traditional carbon” and “Full Carbon”. When facing with
two different carbon accounting systems, people will have
different profit-seeking tendencies. The use of the “Full
Carbon” accounting system, which includes potential
carbon emissions from waste emissions, implicit carbon
emissions from net power input and forest carbon
sequestration into the accounting system at the same time,
is conducive to the reasonable allocation of carbon
responsibilities among regions, enhance environmental
equity, and stimulate the positive initiative of improving
energy utilization efficiency and greening work in all
regions.
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