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Abstract China has been actively reducing anthropogenic air pollutant emissions over the past decade and
is about to embark on the next phase of air quality management. Carbon monoxide (CO) is an ideal indicator of
primary pollutants from combustion sources. A comprehensive assessment of the current situation of
anthropogenic CO emissions can inform the implementation of future reduction policies. This work aims to
determine the changes of anthropogenic CO emissions in mainland China from 2014 to 2020 at 0.2° X 0.2°
spatial resolution. Hourly CO observations from over 1,600 national control sites were combined with
Lagrangian dispersion modeling and multisectoral emission inventories in a Bayesian inversion framework, to
determine monthly CO emissions. From 2014 to 2020, the average annual anthropogenic CO emission in
mainland China was 473.6 + 117.2 Tg a~', which is 2.5 times higher than the prior emission. Northwest China
stands out as the most underestimated region with a relative difference of an astonishing 6.3 times between prior
and posterior emissions. The emissions generally decreased by 32.0% from 2014 to 2020, but with a clear
rebound in 2017 and 2018, and Yunnan in the southwest and Xinjiang in the northwest are the most pronounced
rebound provinces. Optimizing the management of direct emissions in the future requires not only focusing on
key urban agglomerations but also strengthening controls in remote provinces.

Plain Language Summary Over the past decade, China has implemented some of the strictest air
pollution control measures in the world, leading to major changes in its industrial structure, energy production
structure, energy intensity, and emissions intensity. Anthropogenic CO emissions are an ideal indicator of
pollution from combustion sources, but it is challenging to get an accurate and timely picture of how these
emissions have changed in China. To illustrate the anthropogenic CO emissions and trends in China, we
constrained the monthly CO emissions from 2014 to 2020 using in situ ground hourly observations from over
1,600 monitoring sites. Our findings reveal that the average annual anthropogenic CO emissions during this
period were 473.6 + 117.2 Tg per year. While emissions decreased by 32.0% overall from 2014 to 2020, there
was a noticeable rebound in 2017 and 2018. This suggests that China's anthropogenic CO emissions are much
higher than previously estimated, with a trend characterized by significant fluctuations.

1. Introduction

CO is one of the most important air pollutants, which is mainly produced by the incomplete combustion of fossil
fuels or biofuels and biomass burning (Hosely et al., 2018; van der Werf et al., 2017). Anthropogenic emissions
from vehicles, industrial processes, and residential heating systems govern the CO concentrations in the atmo-
sphere above China (Zheng et al., 2019). The main sink of CO is the reaction with hydroxide radicals (OH),
leading to a global average atmospheric lifetime of CO of 1-3 months (Seinfeld & Pandis, 2016). The pre-
dominance of direct anthropogenic emissions, relatively well-known sink rates, and relatively long lifetime of 1—
3 months make CO an ideal indicator of primary emissions from combustion sources (Barret et al., 2016; Ding
et al., 2013; Jia, Huang, et al., 2021; Sauvage et al., 2017). Therefore, it is necessary to investigate the CO
emissions, trends, and underlying drivers.

JIA ET AL.

1 of 18


https://orcid.org/0000-0003-1744-7565
https://orcid.org/0000-0003-0922-5014
https://orcid.org/0000-0002-2320-9048
https://orcid.org/0000-0003-0779-2496
https://orcid.org/0000-0001-7359-1647
https://orcid.org/0000-0001-9833-8154
https://orcid.org/0000-0003-1141-3022
https://orcid.org/0000-0002-0010-7401
https://orcid.org/0000-0003-4481-5386
mailto:jiangf@nju.edu.cn
https://doi.org/10.1029/2024JD042371
http://crossmark.crossref.org/dialog/?doi=10.1029%2F2024JD042371&domain=pdf&date_stamp=2025-05-19

NI

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres 10.1029/20241D042371

China has implemented several stringent air pollution control measures, such as the “Action Plan for Air Pollution
Prevention and Control” and the “Three-year Action Plan on Defending the Blue Sky”, to mitigate severe air
pollution (Ding et al., 2019). In November 2023, China just released the “Action Plan for Continuous
Improvement of Air Quality”, suggesting that more strict air quality management policies will still be imple-
mented in the coming years. These effective policies reformed the industrial structure, energy production
structure, energy intensity, and emissions intensity (Cai et al., 2018; Guan et al., 2018; Jia et al., 2023; Zheng
et al., 2018). However, due to the large uncertainty and time lag, we cannot get an accurate and timely picture of
changes in China's CO anthropogenic emissions from “bottom-up” inventories (Feng, Jiang, Wu, et al., 2020; Li
et al., 2017; Saikawa et al., 2017). Previous research has also uncovered that the CO emission bias is considered
the principal cause of the underestimation in CO simulation models (Gaubert et al., 2020; Kong et al., 2020; Stein
et al., 2014).

To enhance the precision of CO anthropogenic emissions, in situ observations or space-based remotely sensed
measurements have been assimilated to constrain emissions, named “top-down” methods (Miyazaki et al., 2015;
Qu et al., 2022; Thompson et al., 2016). The tropospheric total column retrieved from the spaceborne mea-
surements of pollution in the troposphere instrument (MOPITT, Deeter et al., 2017) is the most commonly used
space-based remotely sensed measurements. However, the coverage of space-based remotely sensed measure-
ments maybe inadequate due to clouds, atmospheric pollution, and high surface albedo, and the sensitivity of
column concentrations to surface CO fluxes is not well understood. Therefore, space-based remotely sensed
measurements are mostly used to invert global CO emissions (Gaubert et al., 2020; Jiang et al., 2017; Yin
et al., 2015; Zheng et al., 2019). Another observation is in situ measurements, which are sufficient in China and
verified to enable relative high-resolution (<1°) inversion of CO emissions. Feng, Jiang, Wu, et al. (2020) have
inverted China's total CO emissions in China in December 2013 and 2017 based on the monitoring network
established by the Ministry of Ecology and Environment (MEE). Kong et al. (2023) inverted the long-term
emissions of several air pollutants, including CO, by assimilating surface observations from MEE as well.
However, all these studies inverted total CO budgets rather than quantifying anthropogenic emissions. Besides,
the spatial and temporal characteristics of China's anthropogenic CO emissions during the implementation of the
two important air quality policy measures remain vague.

In a previous study performed by our group, we explored the high-resolution CO emission changes in the Fenwei
Plain, China. In this study, we aim to provide accurate top-down estimates and characteristics of mainland China's
CO anthropogenic emissions for the period covering the implementation of two important air quality policies. We
constrain the monthly CO emission in a resolution of 0.2° X 0.2° by in situ hourly ground observations from over
1,600 national control sites in the entire mainland China. Then, we compare the inversion results with bottom-up
emission inventories and confirm their reliability. Finally, we investigate the spatiotemporal characteristics of
anthropogenic CO emissions from 2014 to 2020.

2. Materials and Methods
2.1. Inversion Method

In this study, we use the Lagrangian-Bayesian inversion framework of FLEXINVERT to estimate the monthly
CO emissions in mainland China based on in situ ground measurements. The Lagrangian-Bayesian inversion
framework, FLEXINVERT (Thompson and Stohl, 2014), has been developed to infer emissions at variable
resolutions from regional to intercontinental scales (Evangeliou et al., 2018; Jia, Huang, et al., 2021, Jia,
Evangeliou, et al., 2021; Thompson et al., 2015). It also has been often used previously for source emission
optimization of fossil fuel combustion products, greenhouse gases, and other trace gases, such as CO, BC, CH,,
CHCl;, and SFg, in many regions with different land uses and emission characteristics (Brunner et al., 2017; Fang
et al., 2019; Jia et al., 2023; Thompson et al., 2017).

FLEXINVERT is based on source-receptor relationships calculated by FLEXPART and Bayesian statistical
principles to optimize the prior emission fluxes within a given range of uncertainty to match the atmospheric
observations. Assuming that CO transport is a linear problem, the matrix operator can be expressed as Equation 1
as follows:

Y = Hx+¢ (1)
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where y°" is a vector of the measured CO concentrations, H is the SRR matrix, x is an emissions matrix, and ¢ is a

vector of the combined model and observation errors.

Based on the Bayesian statistical optimization method (Thompson and Stohl, 2014), we can construct the cost
function of Equation 2, in which x; is the prior emission, B is the prior error covariance matrix, and R is the
observation error covariance matrix, which includes measurement errors, transport model errors, and observation
representation errors.

J(x) = %(x —x) B (x—x) + %(Hx — y"bS)TR_1 (Hx — yobs 2)

By minimizing the cost function Equation 2, we could obtain the posterior emissions of CO as Equation 3 as
follows:

_ -1 -
x=x,+(H'R'H+B") H'R'(* - H,) 3)
The posterior error covariance matrix, A, is equivalent to the inverse of the second derivative of the cost function.

A=(")" =B—BH'(HBH" +R) 'HB @

2.2. Atmospheric Transport

The FLEXPART version 10.1 was employed to calculate the source (CO emissions)-receptor (a measurement site
here) relationship (SRR) (Lai and Chen, 2007; Seibert and Frank, 2004; Stohl, 1998) every 3 hr during the
daytime. The SRR quantified the receptor sensitivity to surface emissions (Ding et al., 2009; Jia, Huang,
et al., 2021; Kljun et al., 2002; Stohl et al., 2003) (Figure 1a). We quantified SRRs in a global domain with a
resolution of 1° X 1° over mainland China with a variable resolution grid. Because the information content of the
observation was not large enough everywhere to constrain the emissions at a uniform fine resolution and to
improve the computational efficiency of the inversion, we adopted a variable resolution inversion grid with a
resolution ranging from 0.2° X 0.2°-1.6° X 1.6° inside the nested domain from 66°E to 136°E and 15°N-55°N
(Figure 1b and Figure S1 in Supporting Information S1). With this method, the spatial resolution was kept higher
in areas with a high density of observing stations, leading to high SRR values (Thompson and Stohl, 2014) and
degraded in regions with low SRR values.

Therefore, the transport operator H in Equation 2 is constructed from three atmospheric transport components for
each receptor: (a) H"**": transport of fluxes within a nested domain, (b) H°": transport of fluxes outside the nested
domain, and (c) H*®: contribution of mixing ratios at the time and location when the back trajectories terminate.
Similarly, the vector x in Equation 2 is composed of f*°*!, fluxes inside the domain; f**', fluxes inside the domain;
and y°¢, initial mixing ratios taken from the output of a global model. By defining the concentration of CO over
10 days using the global model's CO simulations, we can ensure that our inversion results are not affected by
changes in CO lifetime. The following is the modeling equation for CO concentrations:

ymod — Hneslfnesl + Houlfoul + Hbgybg (5)

The meteorological input data consisted of operational meteorological analyses from the European Centre for
Medium-Range Weather Forecasts (ECMWF). While the typical lifetime of CO in the troposphere is 1-2 months,
we only ran FLEXPART back from the measurement sites for 10 days (Stohl et al., 2003). This period is suf-
ficiently long to capture the emissions from China almost fully. However, in order to make the model results
comparable with the measurements, it is necessary to add a “background” CO concentration during the CO
simulations. The Copernicus Atmosphere Monitoring Service (CAMS) global atmospheric composition rean-
alysis monthly average CO concentration field (Innes et al., 2019) from 2014 to 2020 was utilized as the
background (i.e., y*8 in Equation 5), namely the CO concentrations at the endpoints of the 10-day back trajec-
tories. These values were combined with the concentration resulting from emission contributions during the last
10 days as the simulated concentrations. This method was previously employed in studies by Stohl (2006), Ding
et al. (2009, 2013), and Jia et al. (2021a, 2023). Furthermore, the loss of CO due to its reaction with the hydroxyl
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Figure 1. (a) SRR (in seconds) accumulated over all sites and time steps between 2014 and 2020. (b) Inversion grid with
variable resolution inside the nested model domain in 2020. Red stars and blue stars are inversion sites and independent sites,
respectively.

radical (OH) during the 10-day simulation period was also taken into account. Considering the seasonal differ-
ences in reaction rates, we utilized the monthly average OH field simulated by the Goddard Earth Observing
System-Chem (GEOS-Chem) model, which has a spatial resolution of 4° X 5° (Bey et al., 2001).

2.3. Observation Data and Errors

Hourly CO measurements from about 1,600 stations across China from 2014 to 2020 were used, which are taken
from a comprehensive monitoring network established by the MEE. The maximum number of available sites was
1,632 in 2019 (Figure S2 in Supporting Information S1). Atmospheric CO monitoring and data quality control are
conducted according to the national meteorological standard QX/T 273-2015 (2015) and the national environ-
mental protection standards HJ 818-2018 (2018). The instrument type is a conversational air quality monitoring
system, and the monitoring method is infrared gas filter correlation, with commonly used instruments such as
Thermo Instruments. The monitoring instruments are operated continuously throughout the year at a temperature
of 25°C £ 5°C and a relative humidity of less than 80% and are regularly cleaned and calibrated. Observations are
from the data platform of NEE (https://air.cnemc.cn: 18007/, last access: 01/06/2025).

Considering that most of the national control sites are concentrated in urban areas with often only small dif-
ferences in CO concentrations, it would be inefficient to invert all these observations individually. Therefore,
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before the inversion calculation, the station observations were thinned according to the distance from each other.
The specific algorithm is the same as described in Jia et al. (2023). This method reduces the number of stations by
25%—-37%, that is, still keeping more than 1,000 sites, and preserving most of the information contained in the full
station data set. Meanwhile, depending on the year, 7.7%—11.2% of the sites were kept outside the inversion and
named independent sites, as the blue sites in Figure 1b. This allowed us to verify the inversion results with in-
dependent data.

°bs including

The observation error covariance matrix (R) specifies the error structure of the observation vector y
measurement errors, transport model errors, and observation representation errors. The root sum of the squares of
these three errors is defined as the observation error covariance matrix (Jia et al., 2023) as follows:

02 = grzneas + Gtzrans + Gfepr (6)
For the measurement error, we refer to two studies: (a) Kim et al. (2008) analyzed the measurement errors of long-
term CO observations in China, which was 22 ppb. (b) Feng, Jiang, Wu, et al. (2020) used the same CO
observational data in China and found an average measurement error of about 8 ppb. Hence, the measurement
error is assumed to be the average of these two studies, which is about 15 ppb (~0.02 mg m™). The transport
model error depends on the model, meteorological input data, resolution, and location, which is extremely
challenging to quantify, so we do not specifically include an estimate for it (Thompson and Stohl, 2014). Due to
the complexities associated with simulating the nighttime atmospheric boundary layer, when emissions often
accumulate in a shallow layer of uncertain depth, only daytime measurements (0900-1800 LST) were considered
in order to reduce transport errors. For the observation representation error, we adopted the averaged 1-sigma
standard deviation that was averaged for hourly daytime measurements at all inversion sites (Jia et al., 2023;
Thompson et al., 2015), which is 0.2 mg m™. In summary, we took one decimal place of the total observation

error, which is 0.2 mg m™>.

The reliability of the model can be assessed by the reduced chi-square value (), which corresponds to the value
of the cost function at its optimum—equivalent to the weighted sum of squares divided by the number of ob-
servations. Ideally, ¥* equals 1, indicating that the posterior solution is within the specified uncertainty. The
choice of error covariance matrix hypothesis in Equation 2 directly influences the resulting X2 value. Thompson
et al. (2015) reported > values ranging from 2.6 to 3.9 in their methane emission inversion experiment for East
Asia (2000-2011). In this study, the specific values for the prior error covariance matrix and the observation error
covariance matrix have been validated in our previous inversion study of CO emissions in the Fenwei Plain, China
(Jia et al., 2023). We evaluated the configurations of the prior error covariance matrix and the observation error
covariance matrix using x> and obtained values slightly below 1, ranging between 0.5 and 0.8. These results
suggest that the posterior solutions are consistent with the specified uncertainties, further supporting the reliability
of our model.

2.4. Prior Emissions and Uncertainties

In this study, the definition of “anthropogenic CO” in this article includes not only emissions from fossil fuels but
also from biofuels, wood burning, and some other sources related to human activities. Our inversion method
ensures that our definition of anthropogenic CO is consistently applied throughout the models and emission
inventories. The prior emissions consist of three bottom-up emission inventories, the Multi-resolution Emission
Inventory model for Climate and air pollution research (MEIC), the Global Fire Emissions Database (GFED), and
the Peking University (PKU).

The MEIC emission inventory solely represents anthropogenic emissions, which was considered as the optimal
prior emission data set for CO in mainland China (Li et al., 2017; Zheng et al., 2018). We used MEIC version 1.4
from 2014 to 2020, which has a spatial resolution of 0.25° X 0.25° and encompasses monthly emission data
(Figure S3a in Supporting Information S1), with a maximum value of 851.7 Mg km~2 a~'. The MEIC inventory
classifies anthropogenic emissions into five sectors: industry, power, transport, residential, and agriculture, with
the agricultural sector assumed to have negligible CO emissions. For the remaining four sectors, MEIC in-
corporates not only fossil fuel consumption but also biomass fuel consumption for residential use, drawing on
data from tens of thousands of household surveys (Peng et al., 2019).
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The GFED emission inventory was implemented to estimate nonanthropogenic CO emissions (van der Werf
et al., 2017) (Figure S3b in Supporting Information S1). We used GFED version 4.1 throughout the period of
2014-2020, which also has a spatial resolution of 0.25° X 0.25°. The GFED emission inventory combines satellite
information on fire activity and vegetation productivity to estimate gridded monthly burned area and fire
emissions, which encompasses the monthly emissions and fractional contributions of many different fire types,
including savanna, grassland fires, shrubland fires, boreal forest fires, temperate forest fires, deforestation,
degradation, peatland fires, and agricultural waste burning.

Considering the clear distinction between anthropogenic and nonanthropogenic sources in both MEIC and GFED
inventories, we add MEIC and GFED as the prior emission in the nested domain (i.e., f*** in Equation 5), and
multiply the total posterior emission by the proportion of the anthropogenic emission in model grid cell as given
by MEIC and GFED to derive anthropogenic emissions (Jiang et al., 2017; Yin et al., 2015; Zheng et al., 2018,
2019). Statistically, the average annual share of China's wildfire emissions (GFED) in the total prior emissions
(GFED and MEIC) from 2014 to 2020 is 14.8%.

For regions outside mainland China, the global CO emission inventory from the Peking University (PKU) was
used (i.e., f°"" in Equation 5), which has a spatial resolution of 0.1° X 0.1° and a temporal resolution of 1 month
(Wang et al., 2014; Zhong et al., 2017). PKU contains not only anthropogenic emission sectors, including
agriculture, energy production, industry, transportation, residential, and commercial, but also deforestation and
wildfire emissions.

The uncertainty of anthropogenic CO emission inventories in China has been well assessed. Zhang et al. (2009),
Kurokawa et al. (2013), and Zhao et al. (2013) estimated anthropogenic emissions of CO in China with un-
certainties of +70%, +86%, and —18%—42%, respectively. However, the uncertainty of the Chinese CO fire
emission inventory is still not clarified. Considering the average annual share of China's wildfire emissions in the
total prior emissions is less than 15%, the uncertainties of these emissions are not considered in our simulations.
Referring to previous studies, our prior flux uncertainty was set to an intermediate value of 70% (Zhang
et al., 2009) in China. Correlations between uncertainties were considered using an exponential decay function
with a scale length of 250 km on land and a timescale over 30 days. The uncertainty of national and regional
posterior emissions was evaluated by the sensitivity to perturbed prior emission inventories. Different prior
emissions have the potential to lead to large discrepancies in flux estimates. Therefore, we perturb our prior
emissions using PKU-CO emission inventory (Figure S4 in Supporting Information S1). The formulas for
standard deviation (SD) and relative standard deviation (RSD) are as follows:

n —2
SD = MT’_X) 7N
RSD = STD ®)

3. Results and Discussions
3.1. Evaluation Against In Situ Observations

In order to examine the changes in CO emissions during and after the implementation of China's strongest air
pollution control measures to date, we performed monthly inversions of CO emissions across mainland China
from 2014 to 2020. Before analyzing the emission characteristics, it is necessary to further validate our results and
to assess the improvement of the emission estimates based on all inversion observations. Therefore, we simulated
the CO concentrations at all sites using the prior and posterior emissions, and then compared them with the
observations. Monthly mean biases (MBs) between simulated and observed CO concentrations are counted at all
inversion sites and independent sites (Figure 2).

To validate the results, we implemented an independent testing protocol by reserving a subset of observation sites
that were excluded from the inversion process. The testing protocol was based on two key criteria. First, we
examined whether significant discrepancies existed in CO concentration simulations between independent sites
and inversion sites when driven by posterior emissions. Second, we assessed whether posterior emission-driven
simulations demonstrated substantially improved accuracy over prior emission-driven simulations at independent
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Figure 2. Heat maps of monthly MBs between simulated and observed CO concentrations at inversion sites and independent sites from 2014 to 2020 (mg m™): (a) the
prior emissions at inversion sites, (b) the prior emissions at independent sites, (c) the posterior emissions at inversion sites, and (d) the posterior emissions at independent

sites.

sites. As illustrated in Figure 2, our analysis of MBs between simulated and observed CO concentrations revealed
two important findings: (a) The MBs of posterior emission-driven CO simulations showed no significant variation
between independent and inversion sites (Figures 2¢ and 2d). (b) The MBs of posterior emission-driven simu-
lations at independent sites were markedly smaller than those of prior emission-driven simulations (Figures 2b
and 2d). These consistent results provide robust confirmation of our inversion results' reliability.

The average MBs of posterior emissions are just —0.22 mg m™> at both inversion sites and independent sites,
while the average MBs of the prior simulated concentrations reach —0.62 and —0.59 mg m™ at inversion sites and
independent sites (Figure 2), which implied that the biases of the posterior simulated concentrations are reduced
by ~64% compared to the biases of the prior simulated concentrations. This is strong evidence that the posterior
emission error is significantly reduced compared to the prior emission.

For the prior emissions, the MBs are characterized by yearly decreases, with the average annual MBs for the prior
simulated concentrations in 2020 being only 50.9% of that in 2014, which implied the improvement in the ac-
curacy of the prior emissions (Figures 2a and 2b). Besides, it is obvious that the MBs for the prior simulated
concentrations are larger in winter than in other seasons. Due to winter heating, China's CO emissions are more
diverse in winter, which may lead to larger uncertainty of the prior emissions. In addition, there is a clear
geographical distribution of winter heating in China, with large amounts of fossil fuels being burned for
centralized heating in winter in the region north of the Qinling-Huaihe River (~34°N). From the spatial distri-
bution of MBs (Figures 3a—3c and Figure S5 in Supporting Information S1), they are indeed significantly higher
in northern China than in southern China.

For the posterior emissions, the mean bias decreases significantly after the observational constraints (Figures 2c
and 2d). The north-south differences in the posterior simulated concentrations of MBs are also significantly
weaker (Figures 3d-3f). But what cannot be ignored is similar to the prior simulated concentration; the MBs for
the posterior simulated concentration decrease annually, and are higher in winter than in summer. Referring to
previous studies, we assume that the prior emission uncertainty of a fixed value during 2014-2020, as we
mentioned in Section 2.4, leads to larger uncertainties of the posterior emissions in winter than in other seasons.
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Figure 3. MBs between the prior and posterior simulated concentrations and observations at all independent sites in 2014,
2017, and 2020. (a—c) MBs of prior simulated concentrations and observations. (d—f) MBs of posterior simulated
concentrations and observations.
The posterior emissions are still underestimated, especially for 2014-2018, which may lead to an underestimation
of the reduction in emissions in our calculations.
Apart from MB, we also compared root mean square errors (RMSEs) and normalized mean errors (NMEs) in all
inversion sites over the representative months (Figure S6 in Supporting Information S1). RMSEs and NMEs of
the posterior emission simulation results showed a decrease, and the correlation coefficient () demonstrated an
increase. All NMEs fall below 0.50 mg m™>, with a minimum of 0.36 mg m™ for the posterior emission sim-
ulations. RMSEs and NMEs decreased by 26.0% and 35.9%, respectively, on average at the inversion site from
2014 to 2020, which also confirms the significant improvement in the accuracy of the posterior emissions
compared to the prior emissions.
3.2. Averaged Anthropogenic CO Emissions From 2014 to 2020
The prior emission, posterior emission, and their differences in anthropogenic CO emissions averaged over the
period from 2014 to 2020 are depicted in Figure 4. The average annual anthropogenic CO posterior emissions for
JIA ET AL. 8 of 18
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Figure 4. Average anthropogenic CO emissions in China from 2014 to 2020: (a) prior emissions, (b) posterior emissions, and (c) the difference between them.

mainland China amounted to 473.6 (+117.2) Tg a~'. In terms of the difference between prior and posterior
emissions, it can be observed that the prior emissions are generally lower than the posterior emissions in most
regions. This means that the emission inventories underestimate the real emissions. To quantify the degree of
underestimation, we define the relative difference as the following equation:

. . x S - ‘x i
relative difference = £=>——P7 )
Xpri
in which x,., and x,,,; are regional aggregations of posterior and prior emission, respectively. As shown in Figure 5,

the national relative difference is 2.5 averaging from 2014 to 2020, with values greater than 1.0 in all regions.

In general, the Chinese mainland can be classified into seven geographic regions: northwest China, Southwest
China, Northeast China, Central China, East China, south China, and North China (Figure 1a). The top three
geographic regions in terms of total anthropogenic emissions are North China, East China, and northwest China,
which account for more than half of the national emissions. The relative differences between posterior and prior
emissions are 6.3, 1.9, 2.2, 1.6, 3.2, 2.9, and 1.7 for northwest, Southwest, Northeast, Central, south, North, and
East China, respectively. The vast size of the northwest region makes it difficult to fully account for the location
and intensity of anthropogenic activities using only bottom-up methods, which could lead to a significant un-
derestimation of the prior emissions.

The Beijing-Tianjin-Hebei (BTH) region in North China, the Yangtze River Delta (YRD) in East China, the Pearl
River Delta (PRD) in south China, and the Sichuan Basin (SCB) in Southwest China are currently the most
developed large urban agglomerations in China, leading the rest of the country in terms of economy, population,
and transportation infrastructure (National Bureau of Statistics, 2020). The average anthropogenic emissions
between 2014 and 2020 are 33.7 + 6.5 Tga~" in BTH, 27.2 £ 5.6 Tga~ ' in YRD, 19.8 + 4.1 Tga™" in PRD, and
17.7 +£3.2 Tga™" in SCB. The relative differences against the a priori emissions are 1.2, 1.4, 2.8, and 1.2 for BTH,
YRD, PRD, and SCB, respectively. Comparing the ratios of these urban agglomerations to the geographic regions
they belong to, we find that the relative differences for the urban agglomerations are smaller than the regional
values. For instance, the relative difference for BTH (1.2) is smaller than that for the North China (2.9). This
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suggests that the prior emission errors may be larger in less developed regions. Besides, in terms of spatial

distribution, the high CO emissions are not just found in large urban agglomerations but are concentrated in

energy-intensive industrial areas.

3.3. Interannual Variations of Anthropogenic CO Emissions

We further explore the annual anthropogenic CO emissions from 2014 to 2020. Figure 6 illustrates the annual

prior and posterior CO emissions for mainland China as a whole and the relative differences between posterior

and prior emissions for the seven regions separately. The prior emissions in mainland China show a modest

continuous decrease between 2014 and 2020 (Figure 6a). Conversely, the posterior emissions demonstrate

noticeable interannual fluctuations superimposed on a negative overall trend, characterized by a strong decrease
from 2014 to 2016, an increase in 2017 and 2018, and a further decline in the years 2019-2020. This
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Figure 6. (a) Annual prior (black) and posterior (red) anthropogenic CO emissions from 2014 to 2020 and (b) their relative differences for the seven geographic regions.
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characterization is quite different from the trend of CO concentrations, which decreased continuously from 2014
to 2020 in mainland China and was illustrated in our previous research (Jia et al., 2023). This is mainly not only
because CO concentration is affected by CO emissions but also because the meteorological field can greatly
influence the spatial distribution of CO. The highest emissions occurred in 2014, with posterior emissions of
587.9 Tg a—!, while the lowest took place in 2016, at 388.1 Tg a—". It is worth noting that the emission in 2020
(399.7 Tga™") is lower than that in 2019, which maybe related to the disruption of anthropogenic activities by the
COVID-19 lockdown in 2020 (Feng, Jiang, Wang, et al., 2020; Jia, Evangeliou, et al., 2021; Mao et al., 2024). For
the lockdown period, which is January and February 2020, CO emissions were recorded at 31.9 and 31.4 Tg,
respectively. These values were not only significantly lower than emissions during the same period in previous
years but also lower than summer emissions of the same year, marking the first occurrence of such a phenomenon
since 2014.

We utilized the sectoral emission ratios from the MEIC inventory to estimate sector-wise emissions (Table S1 in
Supporting Information S1). From a sectoral perspective, in 2014, the industry sector was the largest emitting
sector, followed by residential. By 2020, due to the rapid decline in CO emissions from the industry sector, in-
dustrial emissions had fallen below residential emissions. Regarding emission reduction rates, the industry sector
exhibited the highest average decline rate of —15.1 Tg a=2, followed by the residential sector (—10.2 Tg a=2), and
the transport sector (6.1 Tg a~2). While the power sector had the lowest CO emissions overall, it showed a slight
increase in emissions. In February 2020, sectoral analysis based on MEIC data shows a sharp decline in the
transport sector's contribution, dropping to 7.0%, which is half of its 2019 share (13.9%), with emissions decreasing
by 60.6%. This aligns with the restrictions on nationwide human mobility. The industrial sector also shows a
significant reduction, with its share falling from 25.4% in 2019 to 20.9% in 2020, indicating substantial constraints
on industrial production. In absolute terms, industrial emissions in February 2020 were 6.6 Tg, and only 64.7% of
the emissions in February 2019 (10.2 Tg). Although the residential sector's share increased from 57.5% to 68.8%
due to the lockdown, its total emissions still declined by 6.3%. Meanwhile, the power sector's contribution remained
relatively stable, likely because power generation continued to operate during COVID-19.

Figure 6b shows the relative differences between annual posterior and prior emissions in the seven geographic
regions. The northwest has the largest relative difference in posterior emissions of all years. The highest value was
7.3in 2018. The relative difference in the northwest declined to the lowest in 2017. However, in other regions, the
relative differences are much lower in 2016 than in 2017. This means that except for the northwest, most of the
regions in mainland China experienced a rebound in CO emissions in 2017. It is also remarkable that relative
increases in the northwest are larger for the period 2018-2020 than before, suggesting that posterior emissions
increases strongly in those years. Similar results were obtained by Feng et al. (2024) who inverted the emissions
of fossil fuel carbon dioxide (CO,) in China, which is homologous to anthropogenic CO, and found that fossil fuel
CO, emissions in northwest China are most significantly underestimated.

Figure 7 illustrates the national and regional mean anthropogenic CO emission trends of both prior and posterior
emissions from 2014 to 2020. It can be observed that anthropogenic CO emissions in most regions of China
exhibited a consistent decline. We find an annual change rate of —23.5 Tg a~> for the posterior emissions, but
merely —5.8 Tg a2 for the prior emissions. Considering the annual reductions in the underestimation of posterior
emissions, the annual change rate is likely to be lower than —23.5 Tg a~2. Compared to 2014, the national
anthropogenic CO emissions in 2020 decreased by at least 32.0% for posterior emissions, but only 23.0% for prior
emissions. Distinguished spatial disparities exist in the patterns of CO emission fluctuations. The slow decline in
CO emissions in northwest and Northeast China is largely attributable to rising CO emissions in Xinjiang, Xizang,
and Heilongjiang provinces. In terms of emission rates (Figure S7 in Supporting Information S1), Kashgar
Prefecture, Hotan Prefecture, and Ili Kazakh Autonomous Prefecture in western Xinjiang showed significant
increases, even to a maximum of 123.2 Mg km™2 a~2. Furthermore, a sharp increase in the CO emission rate also
occurred near the geographical boundary between the provinces of Sichuan and Yunnan, which is up to
153.6 Mg km™ a2,

From the above analysis, it can be inferred that national anthropogenic CO emissions have not been decreasing
continuously since the implementation of the “Action Plan for Air Pollution Prevention and Control” (2013). To
gain a better understanding of the response of CO emissions to the Action Plan, we determined the annual total
anthropogenic CO emissions for each province. Figure 8 shows the annual changes in total anthropogenic CO
emissions by provincial administrative regions. We found that 19 of the 31 provincial administrative regions in
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Figure 7. National and regional CO emission trends over the period 2014-2020 for both prior (gray) and posterior (green)
estimates for China as a whole and seven geographic regions (a) and four urban agglomerations (b).

mainland China showed a decrease in CO emissions in 2015, with the most pronounced decrease (10.8 Tg)
occurring in Shanxi in North China. However, there were still some provinces where emissions increased, with
the most significant rise in Sichuan province. Anthropogenic emissions of CO continued to decline in 2016, with
all provincial administrative regions experiencing a downward trend, especially in Inner Mongolia, Hebei,
Yunnan, and Shandong, which all decreased by more than 10 Tg, with the largest reduction of 14.1 Tg in Inner
Mongolia. A broad rebound in total anthropogenic CO emissions occurred in 2017 and 2018, rising in 23 pro-
vincial administrative regions, with Yunnan and Inner Mongolia increasing their emissions by more than 11.0 Tg
in 2017 and Xinjiang by more than 6.9 Tg for these 2 years. Consistent with the trend in CO anthropogenic
emissions, coal consumption rebounded in 2017 (Figure S8 in Supporting Information S1). CO anthropogenic
emissions dropped again in most provinces in 2019 and 2020. While coal consumption still increased in 2019, its
share of total energy consumption was 8.1% lower and the share of nonfossil fuels was 4% higher than 2014
(National Bureau of Statistics, 2021). The energy consumption transition by improved CO emission control
measures maybe one of the reasons for the decline in anthropogenic CO emissions after 2019. The anthropogenic
emissions in Xinjiang, Liaoning, Zhejiang, Jiangsu, and Anhui provinces were unusually active in 2019 when the
emissions were declining in most provinces.

3.4. Discussions

Although we have confirmed the reliability of the inversion results, further discussions of China's CO emissions
are still warranted due to the substantial underestimation of the emission inventory. Besides the large uncertainties
of CO emissions in China as we mentioned in Section 2.4, almost all studies with top-down approaches have
reported an underestimation of anthropogenic CO emissions in bottom-up inventories for China (Feng, Jiang, Wu,
et al., 2020; Jia et al., 2023; Kopacz et al., 2010; Pan et al., 2014; Tanimoto et al., 2008; Yumimoto et al., 2014;
Zheng et al., 2019). For MEIC specifically, Feng, Jiang, Wu, et al. (2020) reported that it underestimates the CO
emissions in China, with a 186% and a 178% increase of the posterior emission in December 2013 and 2017,
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Figure 8. Annual changes in CO anthropogenic emissions by provinces (unit: Tg a™').

respectively, and found that the underestimation is largest in the northwest, with 600% and 376% increases of
posterior emissions in December 2013 and 2017, respectively. In addition to the large uncertainties in the existing
CO emission inventories, we find that while MEIC investigated rural residential solid fuel consumption of raw
coal, briquettes, wood, and crop residues in the form of a questionnaire (Peng et al., 2019), it does not incorporate
emissions from livestock excrement burning. However, this miss only leads to a minor underestimation of
approximately 0.6% of total biomass burning emissions in China (Zhou et al., 2017).

We compared previous top-down inversion estimates of CO emissions in China from several published works
with our results (Table 1). Feng, Jiang, Wu, et al. (2020) and Kong et al. (2023) constrained China's CO emission
budget using in situ observations in a higher resolution (£0.25°), which are similar to our inversion. Feng, Jiang,
Wu, et al. (2020) inverted China's CO emissions in December 2013 and 2017 based on the WRF-CMAQ model
and the ensemble Kalman filter algorithm, and concluded that the CO emissions in December 2017 were 43.0 Tg.
Our estimate for December 2017 is 39.4 Tg. Despite the slight difference in the prior emissions (15.5 Tg for Feng,
Jiang, Wu, et al. (2020) and 16.2 Tg for us), both this study and the inversion results of Feng, Jiang, Wu,
et al. (2020) concluded that the prior emissions significantly underestimated the CO emissions in China. Kong
etal. (2023) inverted China's CO emissions from 2013 to 2020 based on the nested air quality prediction modeling
system (NAQPMS) model and an ensemble of Kalman filters. They also concluded the underestimation of the CO
emission inventory, with the estimation being more than twice the amount in previous inventories. Other works
constrained CO emissions based on satellite data in a lower resolution (>0.95°). Zheng et al. (2019) inverted the
average China's anthropogenic emissions of CO to 162.2 Tg a™" at a resolution of 3.75° x 1.9° from 2010 to 2017
using the Measurements Of Pollution In The Troposphere (MOPITT) instrument. Combined with the relative
trend, the average annual emissions from 2014 to 2017 were estimated to be ~154 Tg a~'. Our inversion is about
3.2 times larger than this number. Jiang et al. (2017) estimated regional CO emissions in China except for western
China, which are approximately equal to China's emissions except for the provinces of Xinjiang and Xizang
provinces. They concluded that the regional CO emissions in 2014 and 2015 were 169.0 and 154.9 Tg a™",
respectively, which were much lower than our estimation for China except Xinjiang and Xizang provinces in
2014 (638.2 Tg a~!) and 2015 (631.1 Tg a™h). Similarly, the CO emission estimates of Gaubert et al. (2020) are
also much lower than those of this study. Satellite-derived CO column concentrations integrate three-dimensional
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Table 1

Inversion-Based Estimates of China's CO Emissions and Trends Since the Implementation of the “Action Plan for Air Pollution Prevention and Control”

Transport

Sources Average emissions (Tga™") Relative change (% a~") Time period Resolution ~ Observation model

Jiang et al. (2017) ALL

Gaubert et al. (2020) ALL

Feng, Jiang, Wu, et al. (2020) ALL

Kong et al. (2023) ALL

This study ALL

169.0 -8.3 2014 4° x 5° Satellite GEOS-Chem
154.9 2015
Central China 91.2 - 5/2016 1.25° x 0.95° Satellite CAM-Chem
North China 58.8
624.2 —4.3 12/2013 0.25° x 0.25° Surface WRF-CMAQ
516.4 12/2017
Year 2015 =177 2015-2020 15km X 15km  Surface NAQPMS
465.4
5383 —4.5 2014-2020 0.2° x 0.2° Surface FLEXPART

Zheng et al. (2019) Anthropogenic 162.2 =22 2010-2017  3.75° x 1.9° Satellite LMDz-SACS
This study Anthropogenic 473.6 —=53 2014-2020 0.2° x 0.2° Surface FLEXPART

meteorological transport processes throughout the entire vertical profile and are influenced by aerosol and cloud
disturbances. As a result, satellite data are less sensitive to CO emissions than ground-based observations. Many
studies have demonstrated that satellite observation in high-emission areas may underestimate CO concentra-
tions, especially in urban areas and industrial zones (Deeter et al., 2017; Streets et al., 2013; Worden et al., 2013).
Gaubert et al. (2020) and Zheng et al. (2019) also found that while assimilating MOPITT satellite data sub-
stantially improves model simulations of CO concentrations in China, the values remain lower than those from
aircraft measurements and in situ observations. Furthermore, MOPITT's 3-day revisit cycle results in limited
temporal resolution, which contrasts sharply with our continuous hourly CO concentration measurements ob-
tained from in situ sites. These studies have fully confirmed that even top-down inversion methods have large
discrepancies in estimating CO emissions in China. Besides, we compared the inversion results with the Emis-
sions Database for Global Atmospheric Research (EDGAR) (Crippa et al., 2024) (Figure S8 in Supporting In-
formation S1). The average CO emissions from EDGAR from 2014 to 2020 were only 122.4 Tg a™', which is
80.3 Tg a~" lower than the prior emissions. The relative difference indicates that the posterior emissions are 3.4
times higher than those of EDGAR, highlighting that the underestimation in bottom-up inventories is not an
isolated case. Additionally, China's CO emissions are confirmed much higher than India's emissions. In 2020,
India's CO emissions are still even less than one-tenth of China's emissions (Sahu et al., 2024).

In addition to anthropogenic sources, the simulation of CO can also be influenced by CO sinks through hydroxyl
radical (OH) reactions, and chemical production through the oxidation of methane (CH,) and nonmethane volatile
organic compounds (NMVOCs) (Jiang et al., 2017; Miiller et al., 2018; Zheng et al., 2019). We do not consider
the interannual variation of CO emissions in the impact of chemical production, mainly because CO chemical
production has demonstrated remarkable stability over multiyear timescales and constitutes a substantially
smaller fraction than primary CO in China. As corroborated by Zheng et al. (2019) for the 2000-2017 period,
while global methane oxidation showed a slight increasing trend (3.0 + 0.4 TgCO a™2), this was effectively
counterbalanced by decreasing NMVOCs oxidation yields (—3.6 + 1.5 TgCO a~>). Dasari et al. (2022) revealed
that rapidly developing regions exhibit primary CO contributions significantly exceeding the global average
(55% + 5%), with South Asia reaching 79% =+ 4%. China's anthropogenic CO emissions demonstrate an even
higher predominance of primary sources than South Asia (Zheng et al., 2019), indicating that secondary CO
contributes a markedly smaller proportion relative to combined anthropogenic and biomass burning emissions.
Besides, CO chemical production maybe related to El Nifio, but their relationship is quite complex. On the one
hand, during strong El Niflo episodes (e.g., 2015-2016), drought conditions in South/Southeast Asia intensify
biomass burning activities, leading to increased NMVOCs emissions and subsequent CO increases. On the other
hand, elevated temperatures and humidity variations during such events suppress OH radical concentrations,
thereby reducing oxidation rates of methane and NMVOC:s, ultimately decreasing CO production (Roemer and
van den Hout, 1992). Future research could benefit from quantifying how El Nifio and other yearly climatic
variations affect interannual changes in CO emission sources.
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Unlike previous CO emission inventories, this study argues that China's CO emissions rebounded in 2017 after a
significant decline in 2016. The decline in CO emissions from 2015 to 2016 coincides with trends in energy
consumption in the National Statistical Yearbook (2021) (Figure S8 in Supporting Information S1), where
consumption of fossil fuels, especially coal, a relatively unclean energy source, declined in both 2015 and 2016,
by 48.8 and 23.6 million tons (Mt) of standard coal equivalent (SCE), respectively, while consumption of
nonfossil fuels (primary electricity and other energy sources) rose sharply in both years, especially in 2016,
reaching 57.8 Mt SCE. The decline in national coal consumption and the rise in nonfossil fuel consumption may
contribute to the decline in anthropogenic CO emissions in 2015 and 2016. CO,, which is homologous to
anthropogenic CO, is able to characterize anthropogenic activity levels to some extent. Shi et al. (2022) estimated
China's CO, emissions from 2013 to 2020 with and without clean air action measures, and it showed even with
clean action measures; China's CO, increased significantly in 2017. Many emission data sets also show a sig-
nificant rebound in CO, emissions in 2017 compared to 2016, such as British Petroleum (BP), Global Carbon
Budget (GCB), Carbon Dioxide Information Analysis Center (CDIAC), the U.S. Energy Information Admin-
istration (EIA), Multi-resolution Emission Inventory for China (MEIC), and national sectoral emissions of China
Emission Accounts and Data sets (CEADs) (Shan et al., 2020).

The uncertainty of national and regional inversion results was evaluated in Table S1 of Supporting Informa-
tion S1, which presents the mean gridded SDs and RSDs of the two different posterior emissions from 2014 to
2020, resulting from different emission inventories. The mean SD is 117.2 Tg afl, and the mean RSD is 24.7% in
mainland China, and the regions with the largest SD and RSD are North China and Northwest China, respectively.
The RSDs of the four major urban agglomerations are relatively consistent, ranging from 18% to 21%.

4. Conclusions

In this study, we investigated the variation in anthropogenic CO emissions in China in recent years (2014-2020).
A Lagrangian particle dispersion model (FLEXPART) and a Bayesian inversion framework (FLEXINVERT)
were employed in this study to provide monthly top-down CO emissions at a resolution of 0.2° across the country.
Hourly CO observations from approximately 1,600 in situ stations in mainland China were utilized from 2014 to
2020.

We conclude that the average annual anthropogenic CO emissions in China from 2014 to 2020 were
473.6 + 117.2 Tg a—'. North, East, and northwest China are the three regions with the largest anthropogenic
emissions. The prior emission from the MEIC bottom-up inventory underestimates anthropogenic emissions
widely. The total relative difference between posterior and prior emissions is 2.5, while the northwest reached an
astonishing 6.3.

The national anthropogenic CO emissions decreased by at least 32.0% (at a rate of —23.5 Tg a~2) from 2014 to
2020, which dropped from 2014 to 2016, increased in 2017 and 2018, and then declined again in 2019 and 2020.
More than 20 provinces showed an increase in CO anthropogenic emissions in 2017 and 2018. Yunnan in the
southwest and Xinjiang in the northwest were the most pronounced rebound provinces in 2017 and 2018,
respectively, and anthropogenic emissions in the Xinjiang Province were unusually active in 2019 when the
emissions were declining in most provinces.

China has achieved remarkable results in emissions reduction in recent years, but it is still crucial to be wary of
updated emission changes. Optimizing the management of direct emissions in the future requires not only
focusing on key urban agglomerations but also strengthening controls in remote provinces such as Yunnan and
Xinjiang provinces.

Data Availability Statement

FLEXINVERT is available online at https://flexinvert.nilu.no/. The following data are uploaded to Zenodo.org
(Jia, 2024): (a) all emission data, including total CO prior and posterior emissions, anthropogenic emissions, and
wildfire emissions (as netCDF), (b) the posterior simulated CO concentrations (as txt), and (c) total CO emissions,
anthropogenic emissions, and wildfire emissions in seven regions (as CSV).
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