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• A high-resolution emission inventory
including CO2 and air pollutants is de-
veloped.

• 5% of the grids in China account for 90%
of the total CO2 emissions.

• CO2 emissions and air pollutant emissions
exhibit great spatial consistency.
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Under the target of carbon neutrality as well as stringent air quality guideline, understanding the spatial
characteristics of both greenhouse gases and air pollutants emissions, in particular of their mutual sources,
is crucial for assessing the feasibility of achieving their concomitant emission control, which, nevertheless,
remains to be unclear yet. To this end, we construct a high-resolution (10 km × 10 km) emission inven-
tory including both CO2 and air pollutants in China, which fosters us an opportunity to examine their
spatial and sectoral characteristics. The primary sources for both CO2 and air pollutant emissions are
power and industry. Among different subsectors in industry, detailed information indicates cement, iron
and steel are the major subsectors for both CO2 and majority of air pollutants. Analysis of the high-
resolution spatial distribution indicates that for CO2, 5 % of the grids account for 90 % of the total CO2

emissions, indicative of the existence of spatial heterogeneity. These grids are the major locations with
air pollutant emissions as well, i.e., 73 % for SO2 emissions, and more than 50 % for volatile organic com-
pounds (VOCs), CO, NOx, PM10 and PM2.5, stressing the spatial consistency between greenhouse gases and
air pollutant emissions. A large portion of emissions concentrate in a relatively small number of grids
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further implies the possibility to achieve the mutual control of both greenhouse gas emissions and air pol-
lutant emissions, which is useful for future policy in particular of achieving the carbon neutrality and air
quality improvement.
1. Introduction

Anthropogenic activities emit a huge amount of air pollutants and
greenhouse gases especially of carbon dioxide (CO2) into the atmosphere,
exerting significant effects on climate change, socio-economy and human
health (Jacob and Winner, 2009; GBD 2019 Risk Factors Collaborators,
2020). The air pollutant emissions such as carbonmonoxide (CO), nitrogen
oxides (NOx), volatile organic compounds (VOCs), black carbon (BC), or-
ganic carbon (OC) and particulate matter (PM) are precursors to ozone
(Sillman, 1999; Xing et al., 2011; Ma et al., 2019) and particulate matter
less than or equal to 2.5 μm in diameter (PM2.5) (Brock et al., 2002;
Jimenez et al., 2009; Zheng et al., 2018; An et al., 2021). O3 and PM2.5

exposure are estimated to be associatedwith nearly 3.5million deaths glob-
ally (Stanaway et al., 2018) and could lead to serious economic losses (Xie
et al., 2019). Meanwhile, the massive emissions of CO2 have led to global
warming and further caused melting of glacial permafrost, sea level rise
and extinction of some species (Root et al., 2003; Tylianakis et al., 2008;
Lau et al., 2012).

China, one of themajor countries with a fairly large amount of air pollut-
ants and CO2 emissions, has taken a series of initiatives to reduce emissions
for mitigating their negative effect (Chen et al., 2017; Zheng et al., 2018).
For instance, Chinese government launched the Low Carbon Cities Pilot
(LCCPs) program as early as 2010, and more than 80 cities have been se-
lected to implement a number of low-carbon policies (Chen et al., 2017;
Wu et al., 2021). The implementation of several policies, like the “Eleventh
Five Year Plan for National Environment Protection” and the “Action Plan
on the Prevention and Control of Air Pollution”, has also strengthened air
quality control in China (CSC, 2007, 2013). As a result, the emission reduc-
tion of air pollutants has brought a substantial improvement in air quality
(Liu et al., 2016; Li et al., 2017; Wang et al., 2017; Zeng et al., 2019; Gao
et al., 2020). In contrast, the carbon emissions in China are still on the
rise, making China become the country with the largest amount of carbon
emissions (BP, 2020).

Facing the mutual challenges of air pollution and climate change, the
Chinese government has made a commitment to the world to achieve car-
bon peak by 2030 and carbon neutrality by 2060, and the co-control of
air pollutants and greenhouse gases and “double-reach” (i.e., carbon
peaks and air quality compliance) is on the agenda, which requires a better
understanding of the characteristics of both greenhouse gas emissions and
air pollutant emissions.

Several studies have investigated emissions of greenhouse gases in China,
most of which focus on local areas. For instance, researches on carbon emis-
sion inventory are mainly in Beijing (Zhao et al., 2017), Shanghai (Shao
et al., 2020), Nanjing (Bi et al., 2011), Guangzhou (Wu et al., 2021) and
other megacities or urban groups (Liu et al., 2012; Sugar et al., 2012; Xu
et al., 2018),making it difficult to analyze carbon emissions comprehensively
in China. In contrast, very limited studies have conducted research on carbon
emissions across China's cities partly due to data limitations. For example,
Wang and Liu (2017) developed a city-level CO2 emissions inventory in
China for 1992–2013, however, the application of top-down methods may
cause substantial biases in the estimation (Rayner et al., 2010; Cai et al.,
2019). The bottom-up approach requires more detailed data of point source
than a top-down approach while maximally ensuring the accuracy of emis-
sions inventories. Wang and Cai (2017) compared three CO2 emission inven-
tories, including Emissions Database for Global Atmospheric Research
(EDGAR; http://edgar.jrc.ec.europa.eu/), the Fossil Fuel Data Assimilation
System (FFDAS; http://hpcg.purdue.edu/FFDAS/) and the China High Reso-
lution Emission Gridded Data (CHRED; http://www.cityghg.com/), which
2

are all based on bottom-up approaches. The comparisons showed that
CHRED (10 km × 10 km) was in line most with the emission status of
China. However, understanding carbon emissions alone is far from meeting
the goal of co-benefits and double-reach, and building a list of air pollutant
emissions is indispensable as well.

For emission inventories of air pollutants, more attentions have been
paid to several regions and sectors where emissions are high, e.g. Beijing-
Tianjin-Hebei region (Zheng et al., 2019), the Yangtze River Delta (YRD)
region (Fu et al., 2013; Zhou et al., 2017; An et al., 2021), the Pearl River
Delta (PRD) region (Zheng et al., 2009; Ou et al., 2015), or from the per-
spective of sectors, i.e., the power plant (Liu et al., 2015; Tang et al.,
2019), the industry sector (Bo et al., 2017; Simayi et al., 2019). At the
national level, the Multi-resolution Emission Inventory for China (MEIC;
0.25° × 0.25°; http://www.meicmodel.org) is developed by Tsinghua Uni-
versity to provide national emission inventory at five sectors with a spatial
resolution of 0.25° × 0.25°. With the improvement of China's continuous
emissions monitoring systems (CEMS) network such as the consideration
of ultra-low emissions (ULE) standards policy, many studies point out that
the use of CEMS data can get real-time and unit-specific emission factors
(Tang et al., 2019; Zhang et al., 2019; Bo et al., 2020; Tang et al., 2020c).

Moreover, to the best of our knowledge, few studies have tried to use
the same data sources to construct both greenhouse gas and air pollutant
emissions, making it challenging to evaluate their concomitant control. In
this study, combined with several databases such as CEMS, Environmental
Statistics (ES), Emission Permit Implementation Report (EPIR) as well as
National Bureau of Statistics (NBS), using the year of 2018 as an example,
we construct a high resolution emission inventory of CO2 and air pollutant
in China. This multi-sector emission inventory, namely CHRED 3.0A, is an
extension of our previous data set which is composed of greenhouse gas
emissions only (CHRED 2.0; Cai et al., 2019). The newly developed
CHRED 3.0A emission inventory includes nine air pollutants and carbon
emissions from the same data source at a high resolution of 10-km, aiming
to elucidate the spatial and temporal characteristics of CO2 and air pollutant
in China. The emission inventory will be made available at http://www.
ieimodel.org/.

2. Method and data

The CHRED 3.0A emission inventory developed in this study is divided
into five main sectors, including power, industry, transportation, resident
and agriculture, with the sub-sectors and activity data shown in Table S1.
The emissions of CO2 and air pollutants in China are detailed below,
and please note that due to data availability, emissions in Taiwan are not
included.

2.1. CO2 emissions

Themethod of deriving CO2 emissions are based on an earlier version of
CHRED (Wang et al., 2014; Cai et al., 2018a), which has been widely used
in many studies (Cai et al., 2018b; Jing et al., 2018; Liu et al., 2019; Wu
et al., 2021). CHRED, as well as the updated version CHRED 2.0, is based
on a bottom-up approach that uses a massive amount of point source and
survey data, with high accuracy and high-resolution carbon emissions
dataset (Cai et al., 2019). Carbon emissions are divided into five main sec-
tors (i.e., industry, transportation, agriculture, resident and service) in the
database of CHRED, and have been adjusted to the corresponding emissions
sectors used in this study (i.e., power, industry, transportation, agriculture

http://edgar.jrc.ec.europa.eu/
http://hpcg.purdue.edu/FFDAS/
http://www.cityghg.com/
http://www.meicmodel.org
http://www.ieimodel.org/
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and resident). The detailed information on sector match can be seen in
Table S2.

2.2. Air pollutant emissions

For emissions from air pollutants, two methods are used in this study,
with one based on CEMS data (Method 1) and the other one based on the
traditional method (Method 2). For Method I, emissions of air pollutants
can be estimated according to Eqs. (1)–(3), whereas for Method II, they
are estimated based on Eq. (4).

Ei; j;m ¼ Ai;mEFi; j;m ð1Þ

Ai;m ¼ Gp;m

∑12
m¼1Gp;m

Ai ð2Þ

EFi; j;m;h ¼ Ci; j;m;hVi ð3Þ

Es; j ¼ As; j � EFs; j � 1− ƞs; j
� �

ð4Þ

where i, j, p and s represent the unit of power plant or industry, pollutant
type, province and emission sector, respectively; m and h stand for the
month and hour, respectively; E is the emission of air pollutants (t), A and
EF are the activity level and emission factor (kg per activity data), respec-
tively. G indicates the power plant generation or the production of industrial
processes, C andV represent the concentration of air pollutants (g/m3) at the
monitored stack and the theoretical flue gas rate (m3 per activity data); ƞ
represent the emission sector and removal efficiency of air pollutants (%).

Only SO2, NOx, PM2.5 and PM10 emissions from power plants and some
industrial sectors (i.e., the production of iron and steel production, cement
and lime)were estimated based on theMethod I by using CEMS data. As the
CEMS dataset provides direct, actual and real-time measurements of emis-
sion concentrations for SO2, NOx and PM at stacks in power plant and
some industries across China, the unit-specific and hourly-frequent EF as
well as the emissions could be obtained by this method (Tang et al.,
2019; Tang et al., 2020a; Tang et al., 2020b). In addition, emissions from
the remaining sectors were calculated using Method II.

2.2.1. Activity level
All activity level data are derived from ES, EPIR, CHRED, NBS (https://

data.cnki.net/), CIIN (https://www.chyxx.com/), Landscan population
dataset (https://landscan.ornl.gov/), etc. For example, activity data of the
power sector and some sub-sectors of industry sector (i.e., the production
of iron and steel, cement and glass) are derived from ES and the parameter
of G in Eq. (2) can be derived fromNBS directly. For the remaining industry
sub-sectors, activity level data of industrial boilers and production of lime
are derived from CHRED, while petrochemical related industries and
other industrial sub-sectors (e.g., the production of coke, non-ferrous
metals and other industrial processes) are obtained from EPIR and NBS, re-
spectively. In terms of the sources of industrial solvent use, including print-
ing and dyeing, surface coatings, pesticide use and other solvent use, they
can be extracted from both NBS and CIIN. More specifically, the solvents
used in printing and dyeing industry are divided into one kind of the dye
and eight kinds of inks (i.e., flat ink, letterpress ink, flexographic ink, gra-
vure ink, screen printing ink, UV ink, jet printing ink and other inks), the
proportion of different inks refers to CIIN; The architectural coatings from
the surface coating are also divided into two kinds (interior wall coatings
and exterior wall coatings) according to the method described in Wei
et al. (2008). It should be noted that since there is no statistics on the activ-
ity level data of some solvent use sub-sectors (e.g. printing and dyeing and
architectural coatings), we use apparent consumption shown in Eq. (5) as
activity data.

AC ¼ Pþ In−Out ð5Þ
3

where AC represents the apparent consumption; P, In and Out indicate the
production, input and output of the coating, respectively.

Activity data related to transportation sector are basically from CHRED
with the exception of data in gasoline evaporation, which are derived
from the motor vehicle population of NBS. In this sector, we divide it into
on-road and non-road (i.e., waterway, aviation, railway, agricultural
machinery and gasoline evaporation) emissions. The activity data of this
sector, except for gasoline evaporative emissions, are the consumption of
diesel, gasoline and natural gas of different vehicles or devices.

In terms of residential source emissions, there are three sub-sectors,
namely biomass combustion, other residential burning and residential sol-
vent use. The activity data on biomass burning are based on the crop yields
(including paddy, wheat, sorghum and oil crop) and production-to-residue
ratio of NBS. In contrast, activity data of other residential burning (includ-
ing the consumption of residential coal and natural gas) are derived from
CHRED directly and emissions from residential solvent use are calculated
based on the urban population which is available at urban/rural extent
data (Shen et al., 2017) and the Landscan database.

Finally, for the agricultural sector, the activity level data of nitrogen fer-
tilizer application and livestock breeding are from NBS, while the activity
data of human feces are the rural population which is available at the
urban/rural extent data (Shen et al., 2017) and Landscan population data.
For the use of nitrogen fertilizer, only the total consumption of nitrogen
fertilizer is recorded in NBS, which is divided into urea, ammonium
bicarbonate, ammonium nitrate, ammonium sulfate and other nitrogen
fertilizers (Huang et al., 2012). In terms of the livestock breeding, we use
the annual output as the activity level for pigs, chickens, ducks and geese,
while the annual inventory of other livestock is adapted.

2.2.2. Emission factors
In order to reduce the uncertainty of emission factors, we select the

emission factors that are in line with the local conditions of China as
much as possible, such as Local measured data, Tsinghua University's Emis-
sion Inventory Manual (THUEIM) and a large number of literatures based
on Chinese air pollutants emissions.

2.2.2.1. Power. The emission factors of some air pollutants (i.e., SO2, NOx,
PM2.5 and PM10) are obtained by the concentration of air pollutants at the
monitored stack and the theoretical flue gas rate (Eq. (3)). The concentra-
tion of these air pollutants is from CEMS data with hourly temporal resolu-
tion and the theoretical flue gas rate of different fuels can be derived from
our previous studies (Qu et al., 2020; Tang et al., 2020b). For the remaining
air pollutants (including VOCs, CO, BC, OC and NH3), emission factors are
derived from THUEIM according to different fuel types, boilers and
installed capacity of a specific power plant.

2.2.2.2. Industry. For emissions from industrial boilers, the emission factors
of CO, VOCs, NOx and NH3 are from the THUEMI, whereas factors of SO2,
PM2.5, PM10, BC and OC is obtained by Eqs. (5)–(8) based on the sulfur
and ash content of fuel (Liu et al., 2015).

EFSO2 ¼ 2� S� 1− srð Þ ð5Þ

EFPM ¼ Aar � 1− arð Þ � f PM ð6Þ

EFBC ¼ EFPM2:5 � f BC ð7Þ

EFOC ¼ EFPM2:5 � f OC ð8Þ

where EFSO2, EFPM, EFBC and EFOC indicate the emission factor of SO2, PM2.5

or PM10, BC and OC, respectively; S and Aar represent the sulfur and ash
content in fuel (g/kg); sr and ar are the proportion of sulfur and ash into bot-
tom ash (%); fPM indicates the proportion of PM2.5 or PM10 in total particu-
late matter, fBC and fOC are the proportion of BC and OC in PM2.5.

In terms of industrial processes, the emission factors of SO2, NOx, PM2.5

and PM10 for the sectors of cement production, iron and steel were

https://data.cnki.net/
https://data.cnki.net/
https://www.chyxx.com/
https://landscan.ornl.gov/
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calculated by Eq. (3), while the emissions factors for all the other air pollut-
ants are available at THUEIM. Only VOCs are emitted from solvent sources,
with the emission factors from THUEIM and some published literatures,
and the specific emission factors are listed in Table S3.
2.2.2.3. Transportation. The sector of transportation includes emissions from
road and non-road. Road emissions mainly refer to the fuel (gasoline, diesel
and gas) emissions of trucks, buses and other vehicles. The emission factors
are from U.S. Environmental Protection Agency Compilation of Air Pollut-
ant Emissions Factors, the joint European Monitoring and Evaluation
Programme (EMEP) and European Environment Agency (EEA) datasets.
In contrast, the emission factors of most non-road subsectors (i.e., rail,
waterway and agricultural machinery) are from THUEIM, while that of
gasoline evaporation is from EMEP.
2.2.2.4. Resident. Biomass combustion is an important portion of residential
sources, accounting for the majority of PM and VOC emissions. In this
study, the emission factors of residential solvent use and straw combustion,
including open-air combustion and biomass fuel combustion, of paddy,
wheat, sorghum and oil crop are derived from THUEIM. For the other resi-
dential combustion, including residential consumption of coal and natural
gas, emission factors of coal and natural gas are derived from a large num-
ber of previous studies as well as THUEIM, with emission factors of house-
hold coal listed in Table S4.
2.2.2.5. Agriculture. The agricultural sector only emits ammonia, the emission
factors of nitrogen fertilizer application vary according to different types of
nitrogen fertilizer and soil pH, and that of livestock breeding depends on
the type of livestock, the relevant emission factors refer to the study of Xu
et al. (2015). By contrast, the emission of human feces is based on the number
of rural population, and emission factors came from THUEIM.
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2.2.3. Spatial distributions
In this study, we select point source data asmuch as possible, such as the

point source information of power plants, iron and steel plants, cement
plants, petrochemical related plants and so on, to reduce uncertainties of
the emissions inventory. For the emission data without specific location in-
formation, we use the appropriate allocation index for spatial allocation.
The specific allocation method is shown in Table S5. The Gross Domestic
Product (GDP) and population data is provided by Data Center for Re-
sources and Environmental Sciences, Chinese Academy of Sciences
(RESDC) (http://www.resdc.cn).

3. Results

3.1. Emissions of CO2 and air pollutants

The sectoral emissions of CO2 and air pollutants including CO, NOx,
VOCs, SO2, PM2.5, PM10, NH3, BC and OC in China in 2018, derived in
this study as well as from MEIC emissions (http://meicmodel.org/) are
displayed in Fig. 1, with the sectoral emissions from this study shown in
Table S6. The emissions between this study and MEIC indicate comparable
magnitudes in general. It clearly shows that the major sectors for CO2 emis-
sions are power and industry, which are the primary contributors to major-
ity of the air pollutant emissions as well, indicating the possibility to
maximize the benefit by the mutual control of both CO2 and air pollutant
emissions. Fig. 1b shows the emission contributions of CO2 and air pollut-
ants across mainland China from the five major sources. Specifically, CO2

emissions are closely related to the fuel consumption of the sector. The
power sector, with the primary coal consumption, accounts for 46% of car-
bon emissions, followed by the industry (35 %) and transportation (12 %).
It is noteworthy that almost no CO2 emissions are produced by sectors such
as agriculture, which contributes substantially (i.e., more than 85 %) to
NH3, consistent with previous studies (Huang et al., 2012; Kang et al.,
2016; Yu et al., 2020). In contrast, the main sectors of VOC emissions are
industry and transportation, which are primary sectors for NOx emissions
)

Transportation Agriculture

       PM2.5 PM10 NH3 BC             OC     

             PM2.5 PM10 NH3 BC             OC     

ht bars with dots); (b) The fractional contributions of major sectors to CO2 and air
2018 in China.

http://www.resdc.cn
http://meicmodel.org/


Fig. 2. The percentage contribution to CO2 and air pollutant emissions at each sub-sector for industry, resident, transportation and agriculture.
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as well, supported by a few previous studies (Sun et al., 2018; Zheng et al.,
2018; An et al., 2021). Meanwhile, industry and resident are themajor con-
tributors to CO, SO2, PM2.5 and PM10.

Tomore clearly view the sectoral emissions, the fractional contributions
from all sub-sectors for industry, resident, transportation and agriculture
are shown in Fig. 2. Industry is the major CO2 emitter, with the largest
Fig. 3. Emissions of CO2, NOx, VOCs and PM2.5 at th

5

emissions from sub-sectors of cement, iron and steel (Fig. 2a). These subsec-
tors contribute a substantial portion tomajority of air pollutants aswell. For
air pollutant species such as VOCs, the two major emitters are industry and
transportation (Fig. 1), with the largest subsectors of solvent use and on-
road transportation (Fig. 2a,c), comparable to the results shown previously
(Zheng et al., 2018; An et al., 2021). In addition, the biomass burning and
e horizontal resolution of 10 km*10 km in 2018.
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Fig. 4. Annual emissions at city-level for CO2, NOx, VOCs and PM2.5 in 2018.
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residential combustion are the major residential sub-sectors (Fig. 2b), and
the fertilizer use and livestock breeding are themajor agriculture subsectors
emitting NH3.

The spatial distribution of emissions of CO2, NOx, VOCs and PM2.5 are
shown in Fig. 3, with the other species, including CO, SO2, PM10, NH3,
BC andOC shown in Fig. S1. The spatial distributions of emissions vary dra-
matically, with emissions in eastern China much higher than that in the
western China, and similar spatial distributions can be seen among all spe-
cies. For instance, the emissions of all species in Northern China (Beijing,
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Tianjin, Hebei Province, Henan Province, Shandong Province, Inner
Mongolia and Shanxi Province) and Eastern China (Shanghai, Jiangsu Prov-
ince, Anhui Province, Zhejiang Province, Fujian Province, Jiangxi Province,
Hubei Province and Hunan Province) exceed 50 % (53 %–64 %) of the na-
tional emissions, while they account for 30 % national area only. The CO2

and air pollutant emissions at provincial level are shown in Table S7.
Most of the species emissions are concentrated in industrial developed
provinces, such as Shandong, Hebei, Jiangsu, Heilongjiang, etc., attribut-
able to the fuel consumption of industry and power. Moreover, the striking
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feature is that the large spatial gradient is nicely delineated considering the
bottom-up method applied in this study, which has been shown previously
in Fig. 2A in Wang and Cai (2017), and the spatial distributions are more
reasonable in representing the spatial heterogeneity compared to other
dataset such as EDGAR and FFDAS (Fig. 2B,C in Wang and Cai, 2017).

3.2. Emission characteristics at the city-level, per GDP and capita

To further understand the emissions at the city-level, Fig. 4 shows an-
nual emissions of CO2, NOx, VOCs and PM2.5 at prefectural cities in 2018,
with emissions of the other six species (CO, SO2, PM10, NH3, BC, OC) at
Fig. S2. The top 10 cities for CO2 and each air pollutant are listed in
Fig. 5. The top ten CO2 emitters were Shanghai, Tangshan, Beijing, Tianjin,
Jining, Handan, Chongqing, Suzhou, Shijiazhuang andWuhan in 2005 (Cai
et al., 2019), whereas in 2018, the top 10 cities are Tangshan, Shanghai,
Chongqing, Changji, Suzhou, Nanjing, Handan, Tianjin, Wuxi and Urumqi.
It is noteworthy that the CO2 emissions in Cai et al. (2019) include both the
direct and indirect emissions, whereas the indirect emissions are those due
Fig. 6. Spatial distribution
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to purchased electricity, and the emissions in this study only include those
from direct emissions. For instance, for Beijing, the indirect CO2 emissions
account for 26% (Cai et al., 2019), andwithout accounting for indirect CO2

emissions in this study, Beijing ranked 11th in 2018, right below that in
Urumqi.

The spatial distributions of emissions per GDP for CO2, CO, NOx, VOCs,
SO2, PM2.5, PM10, NH3, BC and OC are displayed in Fig. 6, with the proba-
bility distributions shown in Fig. 7. A comparable set of figures for emis-
sions per capita is shown in Figs. S3 and S4. Overall, the spatial
distribution of emissions per GDP indicates the strikingly spatial heteroge-
neity, with larger values over relatively less developed areas such as west-
ern China and northeastern China. Whereas over eastern China, the
coastal areas where the economy are relatively well developed, exhibit
the smallest emissions per GDP. Meanwhile, the probability distribution
(Fig. 7) indicates the emissions per GDP span a few orders, emphasizing
the existence of large spatial inhomogeneity. The spatial distribution and
probability of emissions per capita for CO2 and air pollutants, shown in
Figs. S3 and S4, displaying comparable spatial characteristics in general.
of emissions per GDP.



Fig. 7. Probability distributions of emissions per GDP (10,000 Yuan) in China for each species, including CO2, CO, NOx, VOCs, SO2, PM2.5, PM10, NH3, BC andOC. Please note
that for each panel, the distribution is drawn based on all grids (10 km * 10km) over China.
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3.3. Characterizing the spatial heterogeneity of CO2 and air pollutant emissions

To further delve into the characterization of emission spatial heteroge-
neity, the probability distributions of CO2 and air pollutants are shown in
Fig. 8, with the cumulative distributions shown in Fig. S5. The distributions
in general indicate that majority of the emissions are concentrated over a
small area, while a large number of grids (purple line) only account for a
small fraction (histograms). For instance, the number of grids account for
90 % of the total amount of emissions for CO2, CO, NOx, VOCs, SO2,
PM2.5, PM10, NH3, BC and OC are 5 %, 15 %, 16 %, 13 %, 10 %, 18 %,
17 %, 27 %, 22 % and 19 %, respectively. Meanwhile, the distributions of
emissions from either CO2 or air pollutants may behaves positively or neg-
atively skewed.

To better understand the spatial consistency, the probability of emis-
sions for each species based on the emission amount of CO2 at the sectoral
level is shown in Fig. 9. Please note that for each bin, the sample sizes and
grids of all species are the same as CO2. The grids exceeding 90 % of CO2

emissions are those with grid level emissions larger than 0.17 Tg/year,
Fig. 8. The probability of emission amount in 2018 over all grids (at 10 km by 10 km) f
Shown are the probability of emissions (left Y axis; Yellow bars) and the corresponding
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and among all these grids, they contribute to 73 % for SO2 emissions,
followed by VOCs, CO, NOx, PM10, PM2.5, which all exceed 50 % and indi-
cate strong spatial consistencies between the air pollutants and CO2 emis-
sions. For the rest of species like BC, OC, which are mainly from resident,
and NH3, mainly from agriculture, share smaller spatial consistencies.
From the perspective of sectors, industry is a major sector contributing sub-
stantially for all those air pollutants displaying clear spatial consistency
with CO2 emissions, while power is a major sector as well, particularly for
SO2 and NOx.
4. Conclusions

Through the construction of the high-resolution CO2 and air pollutant
emission inventory, namely CHRED 3.0A, we first identify the major
sources of these emissions, including power and industry. Secondly, we il-
lustrate the sub-sectoral distributions of emissions, i.e., the primary subsec-
tors in industry for CO2 emissions are cement, iron and steel. The analysis of
or each species, including CO2, CO, NOx, VOCs, SO2, PM2.5, PM10, NH3, BC and OC.
sample size (right Y axis; purple) for each bin of emission amount (X axis).



Fig. 9. The probability of sectoral emissions for each species, including CO2, CO, NOx, SO2, VOCs, PM2.5, PM10, NH3, BC and OC. Shown are the probability of emissions for
each bin based on the emission amount of CO2 (X axis). Note that for each bin, the sample sizes of all species are the same as CO2. The dashed line indicates that 90% of CO2 is
distributed on the right side of the line, with the numbers on the top right of each panel indicative of the corresponding emission fraction for different species in these grids.
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the high-resolution spatial distribution indicates that for CO2, 5 % of the
grids account for 90 % of the total CO2 emissions, indicative of the spatial
heterogeneity. The spatial heterogeneity is clearly discernable for air pollut-
ants as well, but with a lesser extent, ranging from 10 %–27 % of grids ac-
counting for 90 % of the emissions. Moreover, the examination of spatial
consistency reveals that for those grids accounting for 90 % of CO2 emis-
sions, they also contribute to more than 50 % of air pollutant emissions,
which is substantially useful for the concomitant control of both these emis-
sions, so as to achieve the carbon neutrality and improve air quality. In this
study, we try our best tomatch the sectors for emissions of both greenhouse
gases and air pollutants, which still has large room to improve in terms of
the emission factors, sub-sectoral perspective, as well as species in particu-
lar of different VOC species, which inspires more studies in future. Never-
theless, the results presented in this study is substantially helpful for
policy makers to make relevant strategies in regard of emission control of
both greenhouse gas emissions and air pollutant emissions.
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