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Abstract An accurate estimate of black carbon (BC) emission is critical, as BC represents one of the most
important short-lived climate forcers. The widely used BC emission inventories were developed using either
bottom-up or top-down approaches, both of which have large uncertainties. The challenges of the bottom-up
approach include uncertainties in emission factors for different fuel types and combustion technologies.
Conversely, top-down BC emission inversion relies primarily on satellite-retrieved aerosol absorption optical
depth, which has significant limitations in quantifying BC-specific contributions. The China Atmospheric
Monitoring Network, established by the China Meteorological Administration, provides ground-based hourly
BC observations and a valuable opportunity to constrain BC emissions. This study presents the first application
of these nationwide BC observations in emission inversion during the Clean Air Action (2013-2017), achieved
using the 4DEnVar assimilation technique. Validation against independent observations demonstrates
significant improvements in posterior estimates, reducing the root mean square error by 36.7%. Compared to the
posterior, widely used bottom-up inventories (e.g., MEIC) overestimate China's total BC emissions by 36.7%,
with overestimations ranging up to 80.6% in the North China Plain (averaged between 2013 and 2017). In terms
of climate impact, MEIC-based estimates yield an 18.7% higher direct radiative effect on average, while CMIP6
historical estimates further exaggerate BC-induced forcing by a factor of 1.7. Additionally, our inversion reveals
that annual total BC emissions declined markedly by 28.1% during the Clean Air Action, from 1.24 to 0.89 Tg.
These findings are critical for quantifying the role of BC in the regional and global climate.

Plain Language Summary Black carbon (BC), or soot, is one of the major contributors to climate
warming. However, scientists have struggled to accurately measure how much BC is released into the
atmosphere. Traditional estimation methods either rely on calculations based on fuel use and combustion
technology (which are highly uncertain) or on satellite measurements (which can't reliably distinguish BC from
other pollutants). This study takes a new approach by using data from ground-based monitoring stations across
China that directly measure BC in the air every hour. We applied these measurements to improve emission
estimates during China's Clean Air Action period (2013-2017). Our results show that previous estimates
significantly overestimated BC emissions in China by 36.7% on average, and by as much as 80.6% in some
regions like the North China Plain. These overestimates led to inflated calculations of BC's warming effect on
the climate, with some estimates being 1.7 times higher than reality. We also found that China's BC emissions
dropped dramatically by 28.1% during the 5-year Clean Air Action, falling from 1.24 to 0.89 million metric tons
annually. These more accurate measurements are essential for understanding BC's true role in regional and
global climate change.

1. Introduction

Atmospheric aerosols play a crucial role in the Earth's climate system by directly scattering and absorbing solar
radiation (McCormick & Ludwig, 1967; Schulz et al., 2006) and indirectly influencing cloud properties and
precipitation processes (Andreae & Rosenfeld, 2008; Rosenfeld, 2000). Among them, black carbon (BC)—a
light-absorbing carbonaceous aerosol emitted primarily from incomplete combustion—has attracted growing
attention due to its complex interactions with climate and air quality (Bond et al., 2004). It is a specific pollutant
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that can influence the development of the boundary layer by altering the atmospheric heating rate, thus worsening
air pollution (A. J. Ding et al., 2016; J. Wang et al., 2023). Additionally, BC is an effective short-lived climate
forcer (Ramanathan & Carmichael, 2008), directly absorbing incoming shortwave solar radiation (Liousse
et al., 1993; Menon et al., 2002), which contributes to climate warming. According to the latest IPCC Sixth
Assessment Report, the effective radiative forcing of BC is estimated to range from —0.28 to 0.41 W m™2,
contributing to a temperature increase of 0.1°C between 1750 and 2019 (Dentener et al., 2021). BC emissions and
their climatic impacts are also a key focus of global climate modeling frameworks, including the Coupled Model
Intercomparison Project Phase 6 (CMIP6) (Eyring et al., 2016). A clear understanding of the spatial and temporal
distribution of BC emissions is crucial to address its environmental and climatic impacts.

Despite its significance, BC emission estimates are subject to substantial uncertainties (Bond et al., 2004; H. Xu
et al., 2021). Traditional BC emission inventories are generally constructed using a bottom-up approach based on
emission source intensity data and emission factors (EFs), which, however, vary significantly across regions, fuel
types, and combustion technologies (Cao et al., 2006; Paliwal et al., 2016; Penner et al., 1993). For instance, the
EFs for BC from passenger cars can vary by orders of magnitude depending on vehicle type, fuel quality, and
combustion efficiency (Karavalakis et al., 2014). The residential sector also contributes significant uncertainty
due to a lack of detailed fuel consumption data and the diverse energy-use patterns across rural and urban
households (W. Zhang et al., 2018). As highlighted by Tao et al. (2018), residential energy use in rural China has
undergone rapid changes, deviating notably from official statistics in both magnitude and trends. Furthermore, the
update of emission inventories often has a significant lag, reducing their utility for timely policy applications.

Alongside the bottom-up approach, the top-down method for emission estimation is also widely favored. With the
rapid surge in satellite observations, attempts have been made to assimilate satellite measurements of aerosol
optical depth (AOD) (Huneeus et al., 2013; X. Xu et al., 2013) or aerosol absorption optical depth (AAOD)
(L. Zhang et al., 2015; C. Chen et al., 2019; Zhao et al., 2024) into models to refine BC emission estimates.
However, AAOD, which quantifies the absorbing component of AOD, is recognized to be more uncertain than
AOD itself (Schutgens et al., 2021). Additionally, AAOD encompasses absorbing aerosol species such as organic
carbon, BC, and mineral dust (Kinne et al., 2006), making it challenging to isolate and accurately estimate BC-
specific AAOD (BC-AAOD) from the total AAOD. Consequently, these optimizations cannot be regarded as
being specifically tailored to BC, and significant uncertainties persist in their representation.

Ground-based and airborne observations are believed to be more reliable, for example, the Aethalometer AE-31
measurements have fewer uncertainties than satellite observations because they directly measure BC at ground
level with minimal atmospheric interference, avoiding the complex retrieval algorithms, cloud contamination,
surface reflectance effects, and vertical column integration uncertainties (X. Wang et al., 2016). Several studies
have highlighted the effectiveness of advanced data assimilation techniques in enhancing the accuracy of BC
emission estimates with these measurements. For instance, Hakami et al. (2005) used an adjoint model with the
four-dimensional variational data assimilation (4D-Var) approach during the Asian Pacific Regional Aerosol
Characterization Experiment in April 2001. This method effectively optimized BC emissions and conditions,
resulting in considerable regional adjustments in anthropogenic emissions, particularly a reduction in south-
eastern China and increases in northeast China and Japan. Utilizing ground BC observations from 42 stations in
eastern and northern China, Jia et al. (2021) applied the Bayesian inversion framework to investigate changes in
BC emissions in China during the 2020 Spring Festival. BC was measured with a field semi-online OC/EC
analyzer with a PM, 5 cyclone inlet (Sunset Laboratory Inc., USA). Their results indicated reductions of 70% in
eastern China and 48% in northern China in BC emissions. These studies primarily rely on in situ measurements
or airborne observations, which offer precise data on aerosol properties. However, they frequently exhibit limited
spatial and temporal coverage due to the constrained observational data sets.

China is one of the major anthropogenic BC source regions in the world, with its BC emissions growing by 21%
from 1996 to 2010 (Lu et al., 2011). Thanks to the implementation of the Clean Air Action Plan from 2013 to 2017
(China's first 5-year plan), China has achieved great success in reducing PM, 5 levels (State Council of the
People's Republic of China, 2018). However, understanding of the long-term variations in BC and its radiative
effects in response to the “Atmospheric Pollution Prevention and Control Action Plan” is still insufficient (Sun
et al., 2022). Studies on BC emission inversion focusing on China are minimal, especially those involving long-
term emission inversion. L. Zhang et al. (2015) utilized the 4D-Var data assimilation technique to inverse BC
emissions by assimilating the Ozone Monitoring Instrument (OMI) observations of AAOD with the GEOS-Chem
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adjoint model for April and October 2006. The results showed that correlations between OMI AAOD and GEOS-
Chem-simulated AAOD were weak for both the prior and posterior emission estimates, and assimilating satellite
AAQD yielded only limited improvement. Using an ensemble optimal interpolation with ground BC observa-
tions, P. Wang et al. (2016) inverted monthly 2008 BC emissions, finding systematic underestimation in prior
inventories and achieving a nearly 30% reduction in the average root mean square error (RMSE) of simulated
daily BC. Recently, Zhao et al. (2024) developed an AAOD-ML~inversion framework for China (2000-2020), in
which the OMI AAOD product was first gap-filled by learning from the Modern-Era Retrospective Analysis for
Research and Applications Version 2 (MERRA-2) AAOD fields, and the BC-AAOD component was subse-
quently separated using BC fraction coefficients from MERRA-2. The resulting gridded OMI BC-AAOD data
were then employed to constrain BC emissions through the CMAQ top-down inversion system. However, it
should be noted that the MERRA-2 AAOD reanalysis is a diagnostic variable, derived solely from the assimi-
lation of AOD observations combined with prior information from the GEOS-5/GOCART aerosol model. Its
accuracy strongly depends on the simulated aerosol concentration ratios, physical parameters (e.g., particle
radius), and optical properties from the prior GEOS-5/GOCART simulation (Randles et al., 2017; J. Jin, Lin,
et al., 2019). Therefore, reliance on empirically derived MERRA-2 AAOD and BC fractions may misrepresent
the true BC contribution and propagate bias into the emission inversion. Those abovementioned studies either
estimated BC emissions indirectly by assimilating AAOD or focused primarily on emission inventories prior to
2010. To the best of our knowledge, a long-term inversion of BC emissions in China based on ground-based BC
observations for the period 2013-2017 has not yet been conducted.

Fortunately, the China Atmospheric Monitoring Network has made long-term ground BC observations available,
with a total of 42 sites covering the Clean Air Action Plan period (Guo et al., 2020). This extensive data set
enables us to make long-term BC emission inversion. This study presents a BC emission estimation in China
ranging from 2013 to 2017, using ground BC measurements and the GEOS-Chem model. The emission inversion
is conducted based on a four-dimensional ensemble variational (4DEnVar) data assimilation algorithm. Inde-
pendent BC observations collected from various public papers and data sets are utilized for evaluating the
strengths of inversion. Satellite AAOD data are also collected to examine the improvements from our posterior
emission inventory. The spatial characteristics of BC distribution, the temporal variation, and the total emission
changes during the Clean Air Action Plan will be reevaluated based on the updated BC emission inventory. The
direct radiative effect (DRE) in response to BC emission changes will also be investigated. This will facilitate a
more informed assessment of climate responses to projected future emissions.

2. Materials and Methods

This section introduces the data and methods as follows: Section 2.1 outlines the study domain and describes the
two BC ground observation data sets used for data assimilation and independent validation. Section 2.2 introduces
the satellite AAOD sources and processing methods for validation as well. Section 2.3 details the GEOS-Chem
model configuration, and Section 2.4 describes the prior BC emission inventories. Section 2.5 presents the
emission inversion system based on the 4DEnVar framework.

2.1. Study Domain and Ground Observations

The study period encompasses the entire duration of the Clean Air Action Plan, spanning from 2013 to 2017. Two
data sets of ground BC observations during this period were collected. The first data set (hereinafter referred to as
Data set 1) originates from the long-term in situ observations of the China Atmospheric Monitoring Network
(Y. Zhang et al., 2019; Guo et al., 2020), and these BC measurements are used for data assimilation. The dis-
tribution of observation sites (Data set 1) and the amount of valid data at each location during the study period are
illustrated in Figure 1. The second data set (hereinafter referred to as Data set 2) was collected from various
publicly available papers and open data sources. It serves as an independent validation data set, with detailed
sources provided in Table S1 in Supporting Information S1. The four primary megacity clusters, which are more
developed, are discussed in greater detail. These include the North China Plain (NCP; 34-41° N, 113-119° E), the
Yangtze River Delta (YRD; 30-33° N, 119-122° E), the Pearl River Delta (PRD; 21.5-24° N, 112-115.5° E),
and the Sichuan Basin (SCB; 28.5-31.5° N, 103.5-107° E). They are represented by black boxes in Figure 1.
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The spread of BC observations 2.2. OMI AAOD

The AAOD data are derived from OMI/Aura Near UV Aerosol Optical Depth

product (OMAERUVd) in GES DISC (Torres, 2008). It is a Level-3 daily
50 global gridded data set (1° X 1° latitude/longitude resolution) generated by the
OMI science team through quality filtering and spatial averaging of Level-2
OMAERUYV orbital data. The OMI instrument aboard NASA's Aura satellite
provides observations with a spatial resolution of 13 X 24 km at nadir. The
OMAERUYV retrieval algorithm is based on the enhanced TOMS version-8
algorithm, which utilizes ultraviolet radiance measurements to derive aero-

Data Volume

20 sol properties, and the product contains both extinction and absorption optical
depths at three wavelengths: 355, 388, and 500 nm. The near-UV retrieval
10 approach offers distinct advantages for aerosol characterization, including
high sensitivity to absorbing aerosols and low surface albedo in the near-UV

spectrum, enabling aerosol retrievals over bright surfaces such as deserts

Figure 1. The spatial distribution of BC ground observation sites (Data set 1) where visible-wavelength algorithms often struggle.
and the volume of effective data (represented by colors) at each site from

2013 to 2017. Black rectangles represent the four primary megacity clusters The absorption aerosol optical depth at 550 nm (AAODssy) was derived

in the study area.

through spectral interpolation using the /f\ngstrém exponent approach, a

widely accepted method for estimating aerosol optical properties at inter-
mediate wavelengths. The Angstrém power law describes how aerosol optical thickness varies with wavelength,
enabling calculation of optical depth at unmeasured wavelengths when measurements at two reference wave-
lengths are available. In this study, the Angstrbm exponent () was first computed from the ratio of AAOD
measurements at 388 and 500 nm using the logarithmic relationship:

IH(AAOD388/AAOD500)

1n(388,/500) M

ﬂ:

Subsequently, AAODss, was extrapolated from the 500 nm measurement according to the power law
relationship:

550\
AAOD550 = AAOD500 (%) . (2)

This interpolation method has been extensively validated in aerosol remote sensing applications (Cesnulyte
et al., 2014; J. Jin, Segers, et al., 2019). It provides reliable estimates when the spectral dependence of aerosol
properties remains relatively stable across the wavelength range of interest. The interpolated AAODss, was
further interpolated onto the GEOS-Chem simulation grids for comparison.

2.3. Model Description

In this study, we utilized the GEOS-Chem chemical transport model (version 13.4.0) obtained from Zenodo (The
International GEOS-Chem User Community, 2022). The model's simulations were driven by meteorological
fields from NASA's Global Modeling and Assimilation Office, specifically using the MERRA-2 data set as
described by (Gelaro et al., 2017). The model incorporates a comprehensive chemical mechanism that includes
interactions between aerosols, ozone, NOx, and hydrocarbons (Park et al., 2004). We applied a global config-
uration with a coarse resolution of 2° latitude X 2.5° longitude to establish boundary conditions. Within the study's
focus area, the nested domain (0-55°N, 70-140°E) was simulated with a finer spatial resolution of 0.5° latitude X
0.625° longitude and utilized 47 vertical layers. The representation of BC in the GEOS-Chem model follows Park
et al. (2003). In this framework, BC is modeled using two tracers: hydrophobic and hydrophilic BC. Upon
emission, 80% of BC is initially assumed to be hydrophobic, transitioning to a hydrophilic state with an e-folding
timescale of 1.15 days (Cooke et al., 1999; Park et al., 2005).

The Rapid Radiative Transfer Model for GCMs (RRTMG) has been integrated online with the GEOS-Chem
model, following the methodology detailed by Heald et al. (2014). This model computes radiative transfer
across 14 shortwave and 16 longwave spectral bands, spanning wavelengths from 230 nm to 56 pm (Iacono
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etal., 2008). To capture the radiative effects, instantaneous fluxes are calculated every 3 hr for both shortwave and
longwave radiation. In this study, the GEOS-Chem simulated AAOD is the sum of BC-AAOD, OC-AAOD, and
dust-AAOD. The DRE of BC at the top of the atmosphere (TOA) is derived from the clear-sky shortwave ra-
diation outputs generated by RRTMG.

2.4. Emission Inventory

The global anthropogenic BC emissions utilized in this study are sourced from the Community Emissions Data
System (CEDS) inventory (v_2021_04_21), which includes a wide range of aerosols, aerosol precursors, and
reactive compounds (Hoesly et al., 2018). Global biomass burning emissions are derived from the Global Fire
Emissions Database, version 4 (GFED4; (Giglio et al., 2013)). For the China region, anthropogenic emissions
were adjusted using the Multi-resolution Emission Inventory for China (MEIC) (Li et al., 2017). It should be
noted that anthropogenic emissions account for over 99% of BC sources in China, as reported by Lu et al. (2011).
The MEIC serves as the primary prior BC emission inventory in this study and will be compared with the posterior
emission estimates. Additionally, the anthropogenic emission data set of CMIP6 (Feng et al., 2020) was applied
when simulating the CMIP6 scenario for comparison. Since the historical data extend only until 2014, simulations
under this scenario were limited to the years 2013 and 2014. Due to their minimal contributions, emissions from
aircraft and shipping were not considered in this study.

2.5. Emission Inversion Methodology

In this study, we utilize the 4DEnVar data assimilation technique to perform BC emission inversion, which was
developed in our previous work (J. Jin et al., 2023). One of the key advantages of the 4DEnVar approach,
compared to traditional four-dimensional data assimilation methods, is that it circumvents the requirement for
tangent linear and adjoint models during both the formulation and implementation phases (Liu et al., 2008). The
fundamental concept of emission inversion through data assimilation is to determine the most probable estimate

of the monthly BC emissions f, based on a combination of prior emissions and observational data. This estimate is
obtained by minimizing the cost function J:

IG) = 3G 7B G ~Ts) + 50~ HMPY O™ - HM)), ()

here, fb denotes the prior vector for monthly BC emissions, while B is the background error covariance matrix
associated with this prior estimate. The operator M represents the GEOS-Chem model, and H is the observational
operator that transfers the simulated BC concentrations into the observational space. The vector ¥ corresponds to
the monthly ground-based BC measurements, with O serving as the observation error covariance matrix. Since
we assume that the BC observations are independent of one another, O is represented as a diagonal matrix, with its
entries reflecting the uncertainties associated with each observation. Here, we adopt a strong-constraint varia-
tional assimilation framework in which the forward model is assumed perfect over the assimilation window, and
emissions are the only optimized control variables. Consequently, uncertainties in meteorology/transport
(e.g., boundary-layer mixing) and aerosol processes (e.g., deposition and aging) are not corrected explicitly; their
effects instead contribute to the residual observation—-model mismatch in Equation 3 together with the prescribed
observation-error statistics. The posterior emissions should therefore be interpreted as the most probable estimate
conditional on the GEOS-Chem model and assumed error characteristics.

In this study, the diagonal elements of O are intended to represent the total uncertainty associated with each
monthly mean ground-based BC observation, that is, the uncertainty used to weight the mismatch between a point
measurement and the corresponding model grid-cell monthly mean. We treated O as diagonal since the assim-
ilated BC observations were collected independently. Given the limited and spatially uneven surface network, we
do not attempt to explicitly parameterize additional representativeness errors associated with unresolved sub-grid
spatial heterogeneity. The uncertainty assigned to each monthly observation is estimated from the standard de-
viation of daily mean BC concentrations within that month, which provides a practical measure of month-scale
variability and sampling uncertainty in the aggregated monthly mean used in the inversion.

We assume that uncertainties in BC emissions can be represented by a spatially varying scaling factor, . The
value of a is treated as a random variable with a mean of 1.0 and a standard deviation of o, = 0.2. Additionally, a
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correlation matrix C is employed to quantify the spatial correlation between the scaling factors at different grid
cells, i and j. This correlation is defined as:

C(i.j) = W7, “@

where d;; denotes the distance between grid cells i and j, and [ is the correlation length scale that controls the
spatial smoothness of the scaling factors. A smaller value of / allows the assimilation process to resolve finer-scale
errors, although it requires a larger ensemble size to adequately capture the emission-to-simulation variability. We
tested [ values of 200, 300, and 400 km and found that a smaller / allows more localized adjustments but can yield
noisier increments under limited ensemble size and uneven observational coverage, whereas a larger / tends to
oversmooth spatial gradients and weakens the correction of regional mismatches (J. Jin et al., 2023). With 16
ensemble members, / = 300 km provides the best performance against independent observations (Data set 2) and
is therefore adopted. Note that the correlation scale can vary regionally (e.g., more localized in urban source
regions). A single, domain-wide / is a pragmatic regularization choice given the monthly inversion framework
and the available observational density, and that spatially varying correlation structures will be explored in future
work. Using the spatial correlation matrix, we construct the background error covariance matrix for the scaling
factor, B,, as follows:

Ba(i’j) =04" C(l,j), (5)

Subsequently, the background error covariance matrix for BC emissions, denoted as B, is computed using
element-wise multiplication:

B=B,0C, (6)

In this study, an ensemble size of 16 is employed to construct the background error covariance. The optimized BC

emissions, ]7, are obtained by minimizing the cost function defined earlier through the 4DEnVar process, with
detailed procedures described in J. Jin et al. (2023). Note that although BC measurements are available at hourly

resolution, y is constructed from monthly mean surface BC concentrations, and f represents monthly emissions.
This temporal aggregation reduces sensitivity to sub-monthly meteorological variability (e.g., day-to-day PBL
fluctuations) and strengthens the month-scale emission constraint.

The inversion seeks the maximum a posteriori emission estimate by minimizing the Bayesian cost function
(Equation 3). The relative influence of the prior emissions and the observations is determined by the prescribed
error covariance matrices B and O: departures from the prior are penalized according to B, while observation—
model mismatches are weighted by O. Consequently, emission updates occur only when supported by obser-
vational information strong enough to overcome the regularization imposed by the prior term. A limitation of the
strong-constraint inversion is that uncertainties in transport, mixing, and deposition are not explicitly estimated,
and persistent model-process biases may therefore influence the inferred posterior emissions. A weak-constraint
formulation, in which model error terms (or bias/process parameters) are included in the control vector, could
provide a more balanced partitioning between emission errors and model/process errors in certain regimes
(Babyale et al., 2025). However, implementing weak-constraint assimilation at the present scale would sub-
stantially increase computational cost, and is left for future work.

3. Results

This section presents the main results and discussion as follows: Section 3.1 evaluates the GEOS-Chem simu-
lations and emission inversion by comparing model results with ground-based BC observations and satellite
AAOD, and analyzes the spatial and temporal distributions of BC surface concentrations. Section 3.2 examines
the spatiotemporal variations in BC emissions, highlighting key differences among the prior, posterior, and
CMIP®6 historical inventories. Section 3.3 discusses the BC DRE at the TOA and its temporal trends during the
Clean Air Action Plan period.
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a prior vs obsers b prior vs obsers in 2013 ¢ prior vs obsers in 2014

Figure 2. The spatial distribution of BC simulations and the BC ground observations from Data set 1. Panel (a) shows the
average results over the entire five-year period, while Panels (b)—(f) depict the annual averages for each year from 2013 to
2017, respectively.

3.1. Emission Inversion Validation

The performance of GEOS-Chem simulations was evaluated by comparing monthly ground BC simulations with
ground-based BC observations from Data set 1. Figure 2a implies that GEOS-Chem simulations tend to over-
estimate BC concentrations in eastern and central China, particularly over NCP, YRD, Hubei province, and
Hunan province. Statistically, the RMSE, mean absolute error (MAE) and normalized mean bias (NMB) during
the 5-year period in the four major megacity clusters were 2.67 pg C m~3, 1.84 pg C m™3, and +45.94%,
respectively. These metrics indicate that while the model captures the overall spatiotemporal patterns of ground-
based BC observations to some extent, discrepancies remain. Similar trends in overestimation are corroborated by
the results presented in Figure 4a, based on an independent data set.

The posterior BC emission estimates, derived by assimilating ground-based BC observations from Data set 1,
significantly improve GEOS-Chem simulation accuracy when used as input. It should be noted that Data set 1
observations were processed using AE31 Aethalometer instruments (Magee Scientific Inc., USA) in the 880-nm
channel, recognized as the standard for BC measurement due to its strong sensitivity to BC particle absorption
(Bycenkiené et al., 2013). Representativeness errors associated with comparing in situ measurements to model
grid cells are expected to be smaller for relatively longer-lived aerosol species. For example, Fang et al. (2024)
found that PM, 5 shows weak intra-grid urban—rural differences at 0.5° X 0.625° resolution, implying good spatial
representativeness for model-observation comparisons; BC, with an atmospheric lifetime of days to weeks, is
expected to behave similarly at monthly timescales. Therefore, we use the monthly mean BC and do not introduce
an additional spatial representativeness operator for surface BC in this study. We also note that the monitoring
network is denser over eastern/central China and megacity clusters, and constraints are weaker where sites are
sparse. As shown in Figure 3a, the posterior surface BC simulations exhibit improved consistency with the
ground-based observations. Statistically, the RMSE and MAE in the four major megacity clusters decreased to
1.93 pg C m™3 and 1.29 pg C m™3, respectively. Furthermore, the NMB is shifted to —12.00%, indicating a
substantial reduction in bias.

Surface BC concentrations are closely related to BC emissions and exhibit a spatial distribution consistent with
emission patterns, as discussed later. Surface BC simulations derived from the CMIP6 historical BC emissions
(Figures 7c and 7d) present substantially higher concentrations than those based on both the prior and posterior BC
emissions (Figures 2 and 3), especially over eastern China, central China, and SCB. This discrepancy underscores
the tendency of the CMIP6 historical inventory to substantially overestimate BC emissions. Compared to the prior
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Posterior surface BC simulations in 2014

Posterior surface BC simulations in 2013 C.

a. Posterior surface BC simulations b.

pgCm?

e.

pgCm™

Figure 3. The spatial distribution of ground BC simulations with posterior BC emission. Panel (a) shows the average results
over the entire five-year period, while Panels (b)—(f) depict the annual averages for each year from 2013 to 2017,
respectively.

annual mean BC simulations (Figures 2b—2f), the posterior annual mean BC simulations (Figures 3b—3f) generally
have lower surface BC concentrations and align more closely with BC observations. This alignment demonstrates
the reliability and effectiveness of the emission inversion system in refining BC emission estimates.

To independently validate the effectiveness of the proposed 4DEnVar data assimilation algorithm, ground ob-
servations from Data set 2 were employed, and these were not restricted to measurements obtained solely with
AE31 Aethalometer instruments. Crucially, since Data set 2 was not used in the assimilation process, it serves as
an unbiased metric to verify that the inversion system has balanced prior and observational information correctly
without over-fitting to Data set 1. As illustrated in Figure 4b, the simulated ground-level BC concentrations using
posterior BC emission estimates exhibit a substantial improvement in agreement with Data set 2, as evidenced by
significant reductions in both RMSE and MAE, regardless of the monitoring instrument type. Specifically, the
RMSE decreased from 1.80 to 1.14 pg C m~3 and the MAE decreased from 1.27 to 0.85 pg C m~3. Additionally,
NMB shifts from +42.42% to —24.36%, suggesting that the prior BC emission inventory likely overestimated
emissions. The relatively high negative NMB primarily arises from the use of diverse measurement instruments,
each with distinct instrumental errors. Additionally, some of the BC observations from Data set 2 are not fully

a. Prior b. Posterior
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BC observations (g C m™3)
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Figure 4. The scatter plot compares BC simulations with ground-based BC observations from Data set 2. Panel (a) uses prior
emissions; Panel (b) uses posterior emissions. Colors indicate different monitoring instruments.
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Figure 5. Scatter plots comparing OMI-retrieved AAODS550 with prior and
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posterior GEOS-Chem simulations for four major clusters in China during
2013-2017. Panels (a, c, e, g, i) represent the prior results from 2013 to 2017
while panels (b, d, f, h, j) represent the posterior results.

representative for comparison with the monthly mean results from GEOS-
Chem simulations, as they were obtained through intermittent sampling
conducted a few times per month rather than through continuous hourly
measurements. BC observations from Data set 2 are mainly in urban areas,
which also causes representativeness uncertainty. Since Data set 2 was not
used in the assimilation, the improved agreement provides an independent
validation that the posterior emissions reduce persistent emission-related
inconsistencies relative to observations, while acknowledging that remain-
ing discrepancies may arise from unresolved forward-model uncertainties.
This improvement underscores the importance of observational constraints in
refining BC emission estimates.

A direct comparison between satellite AAOD and simulated AAOD is not
ideal or fair, as satellite AAOD integrates contributions from multiple aerosol
components and has substantial retrieval uncertainty. However, changes in
BC emissions are, as expected, reflected in GEOS-Chem-simulated AAOD
derived from all aerosol species (Y. Jin et al., 2024), and which is comparable
to the AAOD measurements. In our study, a comprehensive comparison
between OMI AAODS550 and GEOS-Chem-simulated AAOD with prior BC
emission or with posterior BC emission was then conducted and presented in
Figure 5. The posterior simulations showed reductions in both RMSE and
MAE across the four major clusters steadily. The results were generally
consistent with those reported by C. Chen et al. (2019). An exception
occurred in December 2017, where the improvement was marginal. This
discrepancy is primarily due to the unusually high OMI AAODS50 values
recorded in that month, as shown in Figure S2 in Supporting Information S1.
Consequently, upon excluding the December 2017 data from the analysis, the
degree of improvement aligns consistently with other years (Figure S3 in
Supporting Information S1).

3.2. BC Emission Variations

BC emissions inferred from the prior, posterior, and CMIP6 historical in-
ventories exhibit similar spatial distribution patterns but differ substantially in
emission intensity across various regions. BC emissions are predominantly
concentrated in NCP, YRD, SCB, Hubei province, and Hunan province as
indicated by the prior, posterior, and CMIP6 historical BC emissions.
Compared to the prior BC emissions shown in Figure 6a, the CMIP6 his-
torical BC emissions (Figures 7a and 7b) exhibit a comparable spatial dis-
tribution but with consistently higher emission levels, particularly in the
hotspots identified in the prior inventory. In contrast, the posterior BC
emissions (Figure 6b) show the lowest overall emission levels and a notable
reduction in emission intensity from 2013 to 2017. The emission increments
(Figure 6¢) also indicate that the posterior estimates are significantly lower
than the prior, particularly in eastern China.

As illustrated in Figure 8, monthly BC emission variations follow a similar
seasonal pattern, with peak emissions observed in winter and autumn and

lower emissions in spring and summer. This pattern suggests that both the prior and CMIP6 historical BC

emission inventories reasonably capture the temporal variations in BC emissions. In China, anthropogenic
sources account for over 99% of total BC emissions (Lu et al., 2011), with residential, industrial, and trans-
portation activities serving as the primary contributors (B. Zheng et al., 2018). The pronounced peak in BC
emissions during winter in northern China is primarily driven by heating demand, as coal remains the dominant

energy source during this season. Both the prior and posterior BC emissions exhibit a consistent year-by-year

decreasing trend, attributable to reductions in anthropogenic emissions resulting from the implementation of
the Clean Air Action. Despite this progress, the prior inventory consistently overestimates BC emissions in all
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al. Prior total BC emission in 2013 bl. Posterior total BC emission in 2013 cl. BC emission increments in 2013

o1

Posterior total BC emission in 2014

a3. Prior total BC emission in 2015 b3. Posterior total BC emission in 2015 c3. BC emission increments in 2015

Prior total BC emission in 2016 . Posterior total BC emission in 2016

02Ty

Prior total BC emission in 2017 Posterior total BC emission in 2017

Figure 6. The spatial distribution of annual BC total emission from 2013 to 2017. Panels (al-a5) show the prior annual BC
emissions, panels (b1-b5) display the posterior annual BC emissions, and panels (c1—c5) present the differences between
posterior and prior estimates.

months, while the CMIP6 historical inventory further amplifies this overestimation. Notably, the posterior BC
emissions reveal an interesting seasonal peak in March, with peak values first decreasing and then slightly
increasing over the study period. This phenomenon may be linked to agricultural practices such as straw and
biomass burning, which are most prevalent in March and October in China (J. Zhang et al., 2019).

Due to the implementation of the Clean Air Action, annual total BC emissions have consistently declined, as
shown by both the prior and posterior BC emissions in Figure 9a. Statistically, the prior annual total BC emissions
are estimated to decrease from 1.68 Tg in 2013 to 1.21 Tg in 2017, representing a reduction of 28.0%. The
posterior BC emission estimates imply lower BC emissions than the prior, with annual total emissions decreasing
from 1.24 Tg in 2013 to 0.89 Tg in 2017, corresponding to a reduction of 28.2%. Note that while the inversion is
robust for the major emission clusters that drive the national trend, the estimates for Western China rely primarily
on the prior inventory due to limited observational constraints, though their impact on the national total is
minimal. This finding aligns with studies (Y. Zheng et al., 2017; Q. Zhang & Geng, 2019; H. Zhou et al., 2024)
showing accelerated air quality improvements during this period, but provides the first BC-specific quantification
based on extensive ground observations. Notably, the CMIP6 historical BC emission inventory tends to over-
estimate actual BC emissions by nearly a factor of two. This overestimation is likely to extend to the CMIP6
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b. CMIP6 total BC emission in 2014

a. CMIP6 total BC emission in 2013

NE O

Figure 7. The spatial distributions of BC emissions, surface concentrations, and DRE at the TOA simulated using CMIP6
historical inventory in 2013 and 2014. Panels (a) and (b) present the total BC emissions, panels (c) and (d) depict the surface
BC concentrations, and panels (e) and (f) illustrate the BC DRE at the TOA.
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Figure 8. The temporal variations of monthly BC emissions are depicted, with blue, red, and black dots representing
emissions estimated from Prior, Posterior, and CMIP6 historical inventories, respectively. The posterior emission for
December 2014 is not shown due to a lack of observations for data assimilation, and the CMIP6 historical inventory is only

updated through 2014.

FANG ET AL. 11 of 17



V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres 10.1029/20251D045882

(a) Annual Total BC Emissions

B Prior
25F 0 Posterior
I CMIP6

BC Emissions (Tg)

(b) Annual Mean BC Direct Radiative Effect

I Prior
3 Posterior

BC DRE at TOA (W m~2)

2015
Year

Figure 9. The annual BC total emissions and BC direct radiative effect at the TOA from 2013 to 2017. The blue, orange, and
green colors represent prior, posterior, and CMIP6, respectively. Note that the posterior emission for December 2014 utilizes
the corresponding month's prior emission, and the CMIP6 historical inventory is only available up to 2014.

future BC emissions, which could lead to misinterpretations of future BC variations and their corresponding
radiative effects on climate feedback.

Both prior and posterior emission estimates demonstrate a marked decline in BC emissions across all regions
during the study period, reflecting the effectiveness of the Clean Air Action. Figure 10 presents the temporal
trends of annual total BC emissions from 2013 to 2017 over four major regions of China, based on both prior
and posterior estimates. The posterior estimates, depicted by the red solid line, consistently indicates lower
emission levels compared to the prior estimates (blue solid line) in NCP, YRD and PRD. Among these regions,
NCP shows the largest emission amount and reduction, consistent with its intensive industrial and widespread
residential coal use, particularly before 2013. YRD, a more economically advanced region with earlier in-
dustrial restructuring, exhibited the second-largest reduction in BC emissions, despite starting from a relatively
lower emission level. The relatively smaller absolute reductions observed in PRD could be linked to its distinct
emission structure, dominated by transportation activities rather than industrial, which may be less responsive
to policy interventions. In addition, as a coastal region influenced by the subtropical monsoon, PRD generally
experiences stronger ventilation and more frequent precipitation than northern China, which can enhance
pollutant dispersion and wet removal and may partially contribute to the relatively modest reduction inferred
here (Lo et al., 2006). The most significant divergence between the prior and posterior estimates is observed in
SCB, where the posterior trend indicates a much steeper decline in emissions. This suggests that prior estimates
may have underestimated the effectiveness of pollution control policies in this region. The SCB posterior—prior
contrast is consistent with the strong decline observed at the available SCB site, but it should also be noted that
the SCB features complex terrain and sparse observational coverage, which can lead to larger inversion errors
in this region. These findings reflect the efficacy of aggressive air pollution control measures implemented
following the Air Pollution Prevention and Control Action Plan, which targeted residential coal use, industrial
emissions, and vehicular pollution.
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Figure 10. The annual BC total emissions for the four megacity clusters from 2013 to 2017. The blue and red solid lines
represent the prior and posterior BC inventories, respectively, while the dashed line indicates their trend.

3.3. Radiative Effect

This section provides a more accurate assessment of the climatic impact of BC through its DRE at the TOA,
highlighting the limitations of existing inventories such as CMIP6 historical inventory. The DRE of BC at the
TOA is quantified using the clear-sky shortwave radiation outputs from the RRTMG. The DRE is determined as
the difference in TOA shortwave radiative flux between simulations with and without BC aerosols, while
maintaining consistent meteorological and surface conditions. This methodology isolates BC's contribution to the
radiative balance, offering crucial insights into its role in modulating Earth's energy budget. BC exerts a positive
DRE at the TOA, signifying its contribution to net atmospheric warming. This warming arises from BC's strong
absorption of solar radiation in the shortwave spectrum, converting it into heat and consequently impacting
regional and global climate dynamics. It is important to note that the comparison below is performed entirely
within the GEOS-Chem + RRTMG framework, using identical model physics and optical parameterizations but
different BC emission inventories (posterior, MEIC, and CMIP6 historical). Therefore, the difference represents
how the simulated clear-sky TOA shortwave DRE responds to alternative emission inputs within this model,
rather than a multi-model evaluation of CMIP6 effective radiative forcing. Because our DRE estimates exclude
cloud-radiative adjustments, and BC forcing also depends on aerosol optical properties, mixing state, vertical
distribution, and cloud interactions.

The spatial distributions of prior and posterior BC DRE at the TOA (Figure 11) closely resemble the corre-
sponding patterns of surface BC concentrations (Figures 2 and 3), reflecting the strong linkage between emissions
and radiative forcing. Notably, the prior BC DRE (left column of Figure 11) exhibits higher values than the
posterior DRE (right column of Figure 11), with particularly pronounced differences over NCP, central China,
and SCB. These discrepancies are indicative of an overestimation of BC emissions in the prior inventory, which is
effectively corrected in the posterior fields through the incorporation of observational constraints. In contrast,
simulations based on the CMIP6 historical inventory (Figures 7e and 7f) produce even greater BC DRE values at
the TOA, particularly over southern and central China, attributable to the higher BC emission estimates in the
CMIP6 historical inventory. It should be noted that we restrict the comparison to the 2013-2014 prior and
posterior estimates when evaluating the CMIP6 DRE, because the CMIP6 historical emissions inventory is only
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a. DRE of BC at the TOA of 2013 (prior) b.  DREOfBCat the TOA of 2013 (posterior)

Figure 11. The spatial distribution of annual averaged BC DRE at the TOA
from 2013 to 2017. Panels (a, c, e, g, i) show DRE simulations based on the
prior emission inventory, while panels (b, d, f, h, j) illustrate DRE
simulations using the posterior BC emission inventory.

available up to 2014. This overestimation highlights a critical limitation of the
CMIP6 inventory and underscores the need for caution in using CMIP6 for
future projections of BC emissions and associated climate impacts.

Temporal trends in prior and posterior BC DRE at the TOA during the Clean
Air Action period, alongside comparisons with CMIP6 estimates, are pre-
sented in Figure 9b. The prior annual mean BC DRE demonstrates a clear
decline, decreasing from 0.67 W m~2 in 2013 to 0.54 W m~2 in 2017,
consistent with reductions in BC emissions. Similarly, the posterior annual
mean BC DRE shows a steady decrease, from 0.60 W m~2 in 2013 to
0.45 W m~2 in 2017, but is significantly lower than the prior. In contrast, the
annual mean BC DRE derived from CMIP6 historical emissions was
significantly higher, reaching 1.02 W m~2 in 2013 and 1.08 W m~2 in 2014.
This discrepancy suggests substantial overestimations of BC emissions and
radiative effects in CMIP6, which could mislead future climate projections.
Although the CMIP6 historical inventory is not available beyond 2014, the
consistent downward trends in prior and posterior BC DRE observed between
2013 and 2014 are not reflected in the CMIP6. These advancements are
critical for capturing the temporal and spatial variability of BC's radiative
effects, thereby enhancing the accuracy of climate models and informing
more effective policy decisions.

4. Conclusions

This study presents the first application of nationwide ground-based BC
observations in emission inversion during China's Clean Air Action, using a
4DEnVar data assimilation approach. The posterior BC emission estimates
significantly improve the model's ability to reproduce the spatiotemporal
variability of BC concentrations, resulting in a 36.7% reduction in RMSE
evaluation compared with the prior simulation. Our emission inversion
revealed that the commonly used bottom-up inventories (e.g., MEIC) over-
estimate China's total BC emissions by 36.7%, with the overestimation
reaching up to 80.6% in NCP (averaged over 2013-2017). The results also
underscore the effectiveness of the Clean Air Action in reducing anthropo-
genic BC emissions by 28.1% during 2013-2017, with substantial reductions
over major emission hotspots such as NCP (a reduction of 30.0%).

The climate implications of our revised BC estimates are substantial. The
18.7% overestimation in DRE from MEIC-based simulations, and the even
more pronounced 75.7% overestimation from CMIP6 historical inventories,
suggest that current climate models may be significantly misrepresenting

BC's contribution to regional warming. This has cascading effects on climate projections, as overestimated BC
forcing could lead to incorrect attribution of historical warming trends and flawed predictions of future climate

responses to emission changes. Given BC's role as a short-lived climate forcer with strong regional effects, ac-

curate emission estimates are crucial for understanding regional climate dynamics.
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