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Abstract. For climate mitigation, it is necessary to address the challenges of the dynamic updating and quantitative
15 assessment of anthropogenic CO, emissions at meso-to-microscales. This study developed a kilometer-scale carbon
assimilation system (the Guangzhou Regional Atmospheric Composition and Environment Forecasting System-Greenhouse
Gas—Data Assimilation, GRACES-GHG-DA) by coupling the weather research and forecasting—greenhouse gas (WRF-GHG)
model with the four-dimensional local ensemble transform Kalman filter (4D-LETKF). GRACES-GHG-DA constructs a
near-real-time 4-km anthropogenic emission inventory, constrained by simulated CO, observation data from seven
20  high-precision greenhouse gas monitoring stations in the Pearl River Delta (PRD) region, to analyze spatiotemporal emission
distributions and their relationship with ambient CO, concentrations. The results indicate that: (1) GRACES-GHG-DA
accurately downscales CO, concentrations from a resolution of 36 to 4 km, with the finer resolution better capturing meso-
and micro-scale variations (hourly and monthly mean biases of —0.77 and —0.51 ppm, respectively). (2) In 2022, the inverted
annual anthropogenic CO, flux in core PRD areas exceeded 7500 g C m 2 a?, contrasting with values below 1000 g C m
25 a ' in peripheral regions. Compared to the inversion estimates, statistical inventories (EDGAR, ODIAC, GCP, and MEIC)
underestimated total emissions by 14.71% on average. (3) Seasonal anthropogenic emissions were 24.03, 29.86, 30.61, and
27.26 Tg C for spring, summer, autumn, and winter, respectively, showing a unimodal diurnal pattern largely influenced by
fossil-fuel electricity generation.(4) Anthropogenic emissions are not the dominant factor governing atmospheric CO,
concentrations in the PRD; vegetation carbon uptake/release, boundary layer evolution, and regional transport also play

30 critical roles.

1 Introduction

Currently, two primary approaches are employed to estimate atmospheric CO, emissions. The first is the "bottom-up"
method, which relies on emission inventories, while the second is the "top-down" method, which integrates multi-platform

observations with atmospheric transport and inversion models (Masarie et al., 1995; Gloor et al., 2000). Owing to limited
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35 greenhouse gas monitoring sites and insufficient high-precision observational data, the bottom-up method remains the most
widely used technique for CO, emission estimation. However, CO, emission inventories carry substantial uncertainties,
including uncertainties introduced by statistical data, emission factors, and spatiotemporal allocation schemes. The
discrepancies among different CO, emission inventories range from 70% to 300% (Han et al., 2020), and it is difficult to
identify or locate unknown emission sources utilizing the bottom-up approach (Cai et al., 2021).

40 At the 49th Session of the Intergovernmental Panel on Climate Change (IPCC) in 2019, a revised scheme for the 2006
IPCC Guidelines for National Greenhouse Gas Inventories was adopted (IPCC, 2019). This scheme introduced a new
technique for emission inventory validation: using greenhouse gas fluxes from the top-down inversion of atmospheric
concentration data to verify bottom-up emission inventories. The goal of this method is to accurately capture regional
variations in greenhouse gas concentrations and their emission and absorption dynamics.

45 To address limitations in numerical inversion and assimilation for the investigation of greenhouse gas sources and sinks,
researchers have integrated atmospheric CO, concentration measurements with meteorological data and atmospheric
chemical transport models—including Goddard Earth Observing System-Chem (GEOS-Chem), The Global Atmospheric
Tracer Model 5 (TM5), the Model for Ozone and Related Chemical Tracers Version 4 (MOZART-4), and the Laboratoire de
Mééorologie Dynamique Zoom (LMDZ)—to estimate regional carbon fluxes and concentrations via data assimilation (Tian

50  etal., 2013; Peng et al., 2015; Thompson et al., 2016; Monteil et al., 2020; Jiang et al., 2021).

The CarbonTracker (CT) global carbon flux inversion system, developed by the National Oceanic and Atmospheric
Administration (NOAA), is a pioneering framework for estimating carbon uptake and emissions (Peters et al., 2007). Driven
by the TM5 atmospheric transport model, the CT system employs an ensemble Kalman filter (EnKF) to assimilate observed
CO, concentrations. The terrestrial ecosystem carbon fluxes are calculated online using the Carnegie—Ames—Stanford

55  approach (CASA) model. Additionally, CT has been operating continuously and has expanded to regional applications,
including Europe (e.g., CT-Europe; Peter et al., 2010; Peylin et al., 2013) and Asia (e.g., CT-Asia; Cheng et al., 2013; Zhang,
2014a, 2014b).

The global Carbon Cycle Data Assimilation System (CCDAS) is an additional crucial framework (Rayner et al., 2005).
The CCDAS further integrates global station data, including terrestrial ecosystem carbon fluxes, remote sensing-derived

60  surface parameters, and CO, concentrations, to optimize ecosystem model parameters and assimilate carbon fluxes. This
integration has enabled the development of global carbon cycle reanalysis datasets (Kaminski et al., 2013; Schirmann et al.,
2016; Scholze et al., 2019).

In recent years, Chinese scientists have made significant contributions to the advancement of global carbon data

assimilation systems (Chen & Zhang, 2015; Chen et al., 2015) and developed several assimilation systems, including the
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65 Global Carbon Assimilation System (GCAS) (Zhang et al., 2014; Ju et al., 2019) and Tan-Tracker (Tian et al., 2014; Han &
Tian, 2019).

Due to limitations in spatiotemporal resolution, global models fail to accurately capture how meso- and micro-scale
meteorological processes such as wind fields, topography, and land-atmosphere exchange fluxes influence the
spatiotemporal distribution of CO,. This leads to significant errors when applying these models to high-resolution regional

70  carbon source-sink inversion. Compared with coarse-resolution global models, mesoscale chemical transport models
explicitly resolve processes such as anthropogenic CO, emissions, vegetation carbon uptake, boundary-layer turbulence, and
atmospheric transport. This reduces the impact of model uncertainty on regional carbon assimilation systems.

At the regional to urban scale, mesoscale atmospheric chemical transport models are commonly utilized as a driving
framework in combination with techniques such as Kalman filtering and variational assimilation to perform high-resolution

75  carbon assimilation and inversion. For example, Kou et al. (2023) employed the community multiscale air quality (CMAQ)
mesoscale model to conduct EnKF-based carbon satellite assimilation. This study inverted China's carbon source—sink
distribution and provided top-down results for provincial-scale terrestrial carbon sinks. Guo et al. developed a multi-level
nested grid system for carbon monitoring, assimilation, inversion, and accounting, designated as the China carbon
monitoring and verification support at the regional level (CCMVS-R) system (Guo et al., 2023). This system integrates the

80  coupled three-dimensional (3D) weather research and forecasting—greenhouse gas (WRF-GHG) model with the proper
orthogonal decomposition—based four-dimensional (4D) ensemble variational assimilation technique (POD 4DVar). They
employed this system to alter the carbon emission characteristics of Shanxi Province. Wu et al. (2016) employed the
chemistry transport model (CHIMERE) coupled with a Bayesian model to perform the urban-scale assimilation and
inversion of anthropogenic CO, sources in Paris while also providing urban carbon emission monitoring to support the

85 monitoring, reporting, and verification (MRV) process.

In terms of temporal resolution, current regional-urban carbon assimilation inversions are primarily constrained to daily
and weekly scales (Bréon et al., 2015; Wu et al., 2016). There are still critical challenges in dynamically updating and
quantitatively accounting for meso- and micro-scale carbon sources and sinks. Recently, Peng et al. (2022) used the CMAQ
model and ensemble square root filter (EnSRF) to develop an hourly carbon flux prediction operator that incorporates

90  diurnal variations. They further applied a joint data assimilation system for CO, fluxes and concentrations (JDAS) to reduce
uncertainties in carbon assimilation. However, this study primarily assimilated CO, observations from China’s background
regions and lacked representative nighttime observations and sufficient data to characterize urban CO, emissions (Kou et al.,
2024).

Currently, China is participating in significant international efforts to reduce greenhouse gas emissions. In its 14th

95  Five-Year Plan, the Chinese government established goals to reach peak CO, emissions before 2030 (“peak carbon™) and
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strive for carbon neutrality before 2060. To achieve these national “dual carbon™ goals, challenges related to emissions

reduction are likely to emerge across regions, provinces, and cities as the targets are implemented at the regional, provincial,

and municipal levels. Thus, there is an urgent need to develop a kilometer-scale resolution CO, assimilation inversion

technique for urban areas to address the dynamic updating and quantitative estimation of anthropogenic emissions and
100  natural carbon sinks.

The 4D local ensemble transform Kalman filter (4D-LETKF) is a new data assimilation technique that has been
developed in recent years. Compared to 3D assimilation techniques, 4D-LETKF has significant computational advantages in
hourly data assimilation accuracy; and it can assimilate asynchronous observational data, thereby enhancing model analysis
fields (Dai et al., 2019a). Studies suggest that 4D-LETKF has significant potential for the top-down dynamic inversion of

105  atmospheric pollutant emissions (Dai et al., 2019b; Cheng et al., 2019; Dai et al., 2021). This study had three objectives: (1)
to establish a high-resolution carbon source-sink data assimilation and inversion system by coupling the WRF-GHG model
with 4D-LETKF; (2) to develop a 4-km-resolution anthropogenic emission inventory with hourly updates and
compare/validate it against bottom-up statistical inventories; and (3) to characterize the spatiotemporal distribution of
top-down anthropogenic CO, emissions and investigate their impacts on atmospheric CO, concentrations. The remainder of

110  this paper is structured as follows: Section 2 outlines the model configuration and data sources. Section 3 presents the
verification and analysis of inverted CO, concentrations across multiple spatiotemporal scales. Section 4 analyzes the spatial
distribution of top-down anthropogenic CO, emissions in the Pearl River Delta (PRD) and compares these emissions with
bottom-up inventories. Section 5 examines the temporal distribution of regional top-down anthropogenic CO, emission

sources and their relationship with atmospheric CO, concentrations. The main conclusions are summarized in Section 6.

115 2 Model configuration and data sources

2.1 WRF-GHG modeling and calculation of the net ecosystem exchange (NEE)

The WRF-GHG is a weather—biosphere numerical model established through the direct and dynamic coupling of the
weather research and forecasting (WRF) model with the vegetation photosynthesis and respiration model (VPRM). The
WRF-GHG can directly simulate terrestrial ecosystem CO, fluxes, predict the spatiotemporal distribution and dynamic

120  variations of atmospheric CO, concentrations, and quantify the contributions of different sources (e.g., biogenic,
anthropogenic, and biomass burning) to total CO, concentrations. In the coupled model, the WRF model supplies online
meteorological field data to drive the VPRM. The CO, fluxes simulated by the VPRM are then used to assess the
spatiotemporal evolution of biospheric CO, fluxes and concentrations at regional meso- and micro-scales.

The VPRM is a diagnostic greenhouse gas model for terrestrial ecosystems. It utilizes satellite-derived parameters,

125 including the land surface water index (LSWI) and the enhanced vegetation index (EVI). Combined with the 2-m air

4
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temperature (T2) and downward shortwave radiation (SWDOWN) obtained via WRF simulations, the model estimates the
NEE (Mahadevan et al., 2008; Xiao et al., 2004a).
In the WRF-GHG, the simulation of the NEE includes two components: light-driven gross ecosystem exchange (GEE)

and temperature-driven ecosystem respiration (Rec,). The calculation formulas are as follows:

xP xEVIx;xPAR-ﬂzXT-&—ﬂ, @

130 NEE=-AxT,
sale 1+ PAR/PAR,)

scale

xW,

scale

where / denotes light use efficiency (units: pmol CO, m2 s /umol PAR-m 2 57%), and PAR, denotes the half-saturation light
intensity (unit: pmol PAR'm2s%). T represents the 2-m air temperature (unit: <C), while « and /8 are respiration-related
fitting parameters (units: pmol CO, M 2 s> =T and pmol CO, m 2 5%, respectively) denoting the temperature sensitivity of
ecosystem respiration and the basal respiration rate under extreme cold, respectively.

135 These four parameters (A, PAR,, o, and B) are all key for the estimation of vegetation ecosystem photosynthesis and
respiration in the VPRM model. PAR refers to photosynthetically active radiation (umol PAR-m? s°%), calculated from the
model’s downward shortwave radiation. T, Pscales @nd Wieqe are scaling factors representing the effects of temperature,
phenology, and water stress on photosynthesis, respectively. The formulas used to calculate the EVI, the scaling factors, and
the LSWI are as follows:

140 EVI = G x (Poir = Prea) : %)
Prir +(C1 X Pred _CZ X Poie + L

(r _Tmin)(T _Tmax)

T, le — ) (3)
e [(T _Tmin)(T _Tmax)_(T_Topt)z]
1+ LSWI
scale — ! (4)
1+ LSWI .
1+ LSWI
Pscale = ' (5)
2
LSWT = Pair — Pswir . (6)
Poir T Pouir
145 In Equation (2), G =25, C; =6, C, = 7.5, and L = 1. p denotes the surface albedo of the corresponding band, with

subscripts nir, red, blue, and swir representing the near-infrared (841-876 nm), red (620-670 nm), blue (459-479 nm), and
shortwave infrared (1628-1652 nm) bands, respectively.

In Equations (3)—(6), T denotes air temperature (<C), while Tpin, Tmax, @and Top represent the minimum, maximum, and
optimum temperatures for photosynthesis, respectively. When the air temperature is below Ty, Tscare IS Set to 0 (Xiao et al.,

150  2004a, 2004b).
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2.2 WRF-GHG model configuration

The WRF-GHG model was configured with three nested domains (Figure 1) to simulate the spatiotemporal distribution
of atmospheric CO, in the PRD region. The outermost domain (d01) covered the South China Sea, East Asia, and mainland
China, with a horizontal grid resolution of 36 km. Domain 2 (d02) encompassed southern China (12-km horizontal grid

155 resolution), while Domain 3 (d03) covered the PRD region (4-km horizontal grid resolution).
The WRF-GHG developed in this study included 41 vertical levels with unequal stratification. The first layer had a
height of approximately 15 m, and the top layer was at approximately 50 hPa. The physical parameterization schemes of the
WRF-GHG and key photosynthesis/respiration parameters of the VPRM were configured with reference to previous studies

(Mai et al., 2024), with details provided in Tables 1 and 2.
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Figure 1. Simulation area of the weather research and forecasting—greenhouse gas model (WRF-GHG). d01: Domain 1
(36-km spatial resolution); d02: Domain 2 (12-km spatial resolution); d03: Domain 3 (4-km spatial resolution). The color bar
represents topographic elevation. NH: Nanhai Station, KP: Kaiping Station, XZ: Xiangzhou Station, SY: Shiyan Station, DG:
Dongguan Station, BL: Boluo Station, XC: Xichong Station.

165 Table 1. Weather research and forecasting—greenhouse gas (WRF-GHG) model configurations

Attribute Model configuration Reference
Shortwave radiation Dudhia algorithm Dudhia (1989)
Longwave radiation Rapid radiative transfer model (RRTM) lacono et al. (2008)

Boundary layer Yonsei University (YSU) scheme Hong et al. (2006)
Microphysics WSM3 Hong et al. (2004)
Cumulus Kain—Fritsch (first and second nested regions) Kain (2004)
Land surface model Noah land-surface scheme Chen and Dudhia (2001)
Vertical levels 41
Model top 50 hPa
Horizontal resolution 36 km %12 km x4 km
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Time step 72s

Table 2. Vegetation photosynthesis and respiration model (VPRM) parameters utilized in this study

Evergreen forest ~ Deciduous forest Mixed forest Shrub  Savanna Crop Grass

a 0.242 0.326 0.342 0.024 0.005 0.071 0.027

p 0.189 0.00 0.00 0.00 0.00 1.65 0.00

A 0.233 0.173 0.255 0.087 0.114 0.154 0.133
PARo 316.29 324.00 206.00 363.00 68200 421.16 157.00

170 *PAR units are pmol m 2 s™; A units are pmol (CO,) m2 s Y/umol (PAR) m2 s°%; o units are pmol (CO,) m 2 s*<C?; and

B units are umol (COz) m2s™,
2.3 4D-LETKF carbon assimilate algorithm

The local ensemble transform Kalman filter (LETKF) is an improved version of the traditional EnKF, while the
4D-LETKEF is an extended version developed to handle asynchronous observational data (Dai et al., 2019; Hunt et al., 2007).
175 In this study, 4D-LETKF was coupled with WRF-GHG to assimilate hourly CO, concentration observations. This section
provides a brief overview of the LETKF’s basic framework; for details on the LETKF algorithm, refer to Hunt et al. (2007).
In the LETKF, the ensemble analysis mean value x for each grid is determined according to the following equation:
7% = %0 + Xbw?, U
where x? represents anthropogenic carbon emissions, which are derived from the 2022 assessment data provided by
180 EDGAR V7.0, with an associated uncertainty of 95%. The background ensemble perturbation matrix is generated through
spatiotemporal correlation perturbation. In the equation, X” denotes the background ensemble perturbation matrix of each
ensemble member, while w¢ is the mean value of the analysis field weight function. The expression of X? in this study is
as follows:
Xb = xb@ —xb (i =12,..,k}, (®)
185  where k denotes the ensemble member. The value of w® can be calculated using the following equation:
we = PeYP)'RI(O - 7). ©
where R denotes the observation error covariance matrix, while y° and y° represent the observed values and the
ensemble-averaged background observations, respectively. The ensemble background observations are calculated by
applying the observation operator H to the ensemble member state vectors x?®, ie., y?® = H(x?®). The ensemble
190  background observation perturbations Y? can be derived from y?® and 3?, with the expression given as follows:
Yb = yb@ — b (i =12, .., k}. (10)

Therefore, the error covariance of the analysis field ¢ can be calculated using the following equation:
7
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P = [(YD)TR™YP + (k — 1)I/p] ™, (11)

where I denotes the indicator matrix, while p represents the inflation factor. The ensemble perturbation of the analysis field
195 X% can be obtained according to the following formula:

X = Xb[(k — 1) P*]V/2, (12)

where the perturbation matrix of the i-th column is x%(@) — x4, {i = 1,2, ..., k}.

In ensemble analysis, optimal anthropogenic carbon emission estimates are generated by adding x¢ to each column of
X%, The overall framework incorporates two iteratively coupled steps: ensemble forecasting and state analysis. For the

200  assimilation of hourly ground-based CO, observations, LETKF requires switching between observation data assimilation and
forward simulation.

The 4D-LETKF characterizes the trajectory of the real system based on linear combinations of model background
ensemble trajectories and compares these trajectories with observations collected within the assimilation time window (Hunt
et al., 2007). This method can be employed to assimilate asynchronous observation data while avoiding frequent switching

205  between the assimilation process and model ensemble forecasting.

The assimilation window in this study was set to 72 h. Within this window, 4D-LETKF performed a 120-h ensemble
forecast, outputting hourly results. The first 24 h served as model spin-up with no assimilation. For each hour, simulated
background observations and observation biases were calculated simultaneously. Background observation means and
perturbation matrices generated for each hourly interval were vertically concatenated to form combined matrices of

210  background observation means and perturbations (Hunt et al., 2007), which were utilized to compute the weight matrix w?.
This w?, which was derived from hourly 12-h lag observation updates within the assimilation window, was applied to the

state vector of each hourly period within the window (Di Tomaso et al., 2017).

2.4 Meteorological data, a priori sources, and CO, concentration observation data

2.4.1 Sources of meteorological fields and a priori sources

215 The initial meteorological fields and boundary conditions driving the GRACES-GHG-DA in this study were obtained
from the third-generation reanalysis product of the National Centers for Environmental Prediction (NCEP;
rda.ucar.edu/datasets/ds083.2/). This product has a temporal resolution of 6 h, with a horizontal resolution of 0.25<0.25for
the first layer and 0.5<0.5°for the remaining layers. The initial and boundary conditions for the CO, concentration fields
(including the total CO, concentration, background CO, concentration, concentration from terrestrial biosphere exchange,

220  the concentration generated by wildfires, concentration resulting from fossil-fuel combustion, and concentration contributed

by air-sea exchange) were obtained from the CarbonTracker products (CT2022, CarbonTracker CT2022 - NOAA Global

Monitoring Laboratory) (Peters et al., 2007).These products feature a temporal resolution of 3 hours, a spatial resolution of

39 < and 34 vertical layers. CT’s prior concentration fields include total CO, concentration, as well as contributions from
8
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the biosphere, wildfire emissions, and fossil fuel emissions. Prior anthropogenic CO, emissions were obtained from the
225 Emission Database for Global Atmospheric Research (EDGAR) v7.0 (EDGAR - The Emissions Database for Global
Atmospheric Research (europa.eu)), with a spatial resolution of 0.10.1< CO, fluxes from vegetation photosynthesis and

respiration were calculated online using the VPRM.
2.4.2 CO, concentration observation data

Atmospheric CO, concentration observations were collected from seven high-precision stations in the PRD region:

230 Boluo (BL), Dongguan (DG), Kaiping (KP), Nanhai (NH), Shiyan (SY), Xiangzhou (XZ), and Xichong (XC). The locations
of these stations are shown in Figure 1. Stations SY, XZ, and XC utilized high-precision greenhouse gas monitoring systems
based on cavity ring-down spectroscopy (PICARRO), while the remaining stations employed systems based on off-axis
integrated cavity output spectroscopy (LGR). The CO, concentration observation accuracy at each station was greater than
0.1 ppm.

235 All observations were subjected to rigorous quality control, including extreme value screening, cavity temperature
checks, cavity pressure checks, humidity checks, and T-value quality control (Fang et al., 2014). Figure S1 shows the
distribution of quality-controlled data for each station.

2.5 Anthropogenic CO, emission inventory
To compare and validate the top-down atmospheric CO, inversion inventory against bottom-up statistical inventories,

240  this study utilized three anthropogenic CO, emission statistical inventories in addition to the EDGAR V7.0 inventory. These
included the ODIAC v2023 inventory (https://www.odiac.org/index.html), the GCP-GridFEDv2023.1
inventory(http://opendap.uea.ac.uk:8080/opendap/hyrax/greenocean/GridFED/GridFEDv2023.1/contents.html), and the
MEICv2.0 inventory (http://meicmodel.org.cn). The spatial resolutions of the ODIAC v2023, GCP-GridFEDv2023.1, and

MEIC inventories are 0.01°%0.01< 0.1°x0.1< and 0.25°x%0.25< respectively.

245 3 Validation and analysis of multi-spatiotemporal scale CO, inversion concentrations

3.1 Validation of hourly CO, concentrations

The CO, concentrations inverted using the regional kilometer-scale carbon assimilation system (GRACES-GHG-DA)
based on coupling the WRF-GHG and 4D-LETKF across domains d01 through d03 were evaluated against high-precision
observations. The model's performance, quantified by the correlation coefficient (R), bias, and root mean square error

250 (RMSE) between simulated and observed values before and after assimilation, is presented in Figures 2, 3, and 4. For the
forward simulations (prior to assimilation), domain d01 exhibited a mean R of 0.61, a bias of —11.98 ppm, and an RMSE of

17.11 ppm. The mean R, bias, and RMSE were 0.59, —12.07 ppm, and 17.21 ppm for d02, respectively, and 0.58, —12.23
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ppm, and 17.38 ppm for d03, respectively. After assimilation, the R between the simulated and observed CO, concentrations

increased at each station, while both the bias and the RMSE decreased markedly. Specifically, the mean R, bias, and RMSE
255  became 0.69, 0.17 ppm, and 11.96 ppm for d01, respectively; 0.68, —0.10 ppm, and 12.03 ppm for d02, respectively; and

0.66, —1.03 ppm, and 12.29 ppm for d03, respectively. The differences in these metrics across domains d01-d03 following

assimilation were not statistically significant (P < 0.01). The results demonstrated that data assimilation enabled

GRACES-GHG-DA to accurately simulate the spatial and temporal variations of atmospheric CO, across scales of 36 to 4

km in the PRD. The high-resolution d03 domain, in particular, captured the kilometer-scale characterization of CO,
260  evolution (Ahmadov et al., 2009; Diao et al., 2015; Pillai et al., 2011).

In domain d03, GRACES-GHG-DA assimilation enhanced the hourly CO, correlation (R) by 0.09 relative to the
forward simulation, while the bias and RMSE declined by 10.8 ppm and 4.97 ppm, respectively (Figures S2 and S3). The
post-assimilation bias of < 1.0 ppm outperformed satellite-based monitoring (e.g., GOSAT and OCO) (Butz et al., 2011,
Mustafa et al., 2021). This bias was comparable to the hourly bias (0.4 ppm) reported by Guo et al. (2023), but it was

265  substantially lower than the forward simulation biases (—6.4 through —1.04 ppm) obtained in previous WRF-GHG studies
(Diao et al., 2015; Dong et al., 2021; Hu et al., 2021; Mai et al., 2024; Wang et al., 2023). These improvements demonstrate
that optimizing anthropogenic emissions through GRACES-GHG-DA yields atmospheric CO, concentrations that are more

consistent with observations.
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270  Figure 2. Correlation coefficients (R) between simulated and observed CO, concentrations obtained using the regional
kilometer-scale carbon assimilation system (Guangzhou Regional Atmospheric Composition and Environment Forecasting

System—-Greenhouse Gas—Data Assimilation, GRACES-GHG-DA) developed in this study at different grid resolutions (36,

10
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12, and 4 km). The color bar denotes the magnitude of R. In the figure, "Prior" refers to forward simulations, "Posterior"

denotes post-assimilation results, and "“res." is the abbreviation for "resolution."”
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Figure 3. Biases between simulated and observed CO, concentrations obtained using the regional kilometer-scale carbon

assimilation system (Guangzhou Regional Atmospheric Composition and Environment Forecasting System-Greenhouse

Gas-Data Assimilation, GRACES-GHG-DA) developed in this study at different grid resolutions (36, 12, and 4 km). The

color bar denotes the magnitude of biases. In the figure, "Prior" refers to forward simulations, "Posterior" denotes

post-assimilation results, and "res." is the abbreviation for "resolution.”
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Figure 4. Root mean square error (RMSE) between simulated and observed CO, concentrations obtained using the regional
kilometer-scale carbon assimilation system (Guangzhou Regional Atmospheric Composition and Environment Forecasting
285 System—Greenhouse Gas—Data Assimilation, GRACES-GHG-DA) developed in this study at different grid resolutions (36,
12, and 4 km). The color bar denotes the magnitude of RMSE. In the figure, “Prior" refers to forward simulations,

"Posterior" denotes post-assimilation results, and "res." is the abbreviation for “resolution.”

3.2 Validation of the monthly CO, concentration assimilation using GRACES-GHG-DA

Figure 5 presents the monthly validation of atmospheric CO, concentrations inverted using the GRACES-GHG-DA

290  system in the PRD region. The forward simulations (prior to assimilation) reproduced the observed monthly trends at each

station but systematically underestimated the concentrations, likely due to underestimated emissions in the EDGAR

inventory. After observations were assimilated to update anthropogenic emissions, the GRACES-GHG-DA system improved

the simulation of both the monthly CO, variation trends and CO, concentrations. The observed annual mean CO, across

seven stations was 437.92 ppm, compared to 426.54 ppm (forward) and 437.91 ppm (assimilation). This enhancement

295 reduced the annual mean bias from —11.38 ppm to —0.01 ppm, which was superior to the —1.36 ppm bias reported by Mai et
al. (2024) for the PRD.

The 1:1 scatter plots of monthly CO, concentrations (Figure 6) revealed significant improvement following assimilation.

The statistics for GRACES-GHG-DA shifted from an R of 0.81, a bias of —11.59 ppm, and an RMSE of 12.84 ppm to an R

of 0.88, a bias of —0.51 ppm, and an RMSE of 4.10 ppm. The regression slope increased from 0.39 to 0.90, and the intercept
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decreased from 255.52 to 42.28. These results demonstrate that data assimilation enables GRACES-GHG-DA to more
accurately capture the monthly variations in CO, and significantly improves the accuracy of regional atmospheric CO,

simulations.
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Figure 5. Monthly distributions of simulated and observed CO, concentrations in 2022 obtained using the regional
kilometer-scale carbon assimilation system (Guangzhou Regional Atmospheric Composition and Environment Forecasting
System-Greenhouse Gas—Data Assimilation, GRACES-GHG-DA) developed in this study. The color bar represents standard
deviation. In the figure, "Obs." indicates observation, "Prior" refers to forward simulations, and "Posterior" denotes

post-assimilation results.
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Figure 6. Scatter plots (1:1) of monthly simulated vs. observed CO, concentrations. (a) Forward simulations; (b) assimilated

inversions.
3.3 Validation of the diurnal CO, concentration inverted by GRACES-GHG-DA

To evaluate the performance of GRACES-GHG-DA in simulating regional diurnal CO, variations, we compared
simulated and observed concentrations across multiple stations (Figure 7). The implementation of 4D-LETKF data

assimilation dramatically increased simulation accuracy. Before assimilation, the model exhibited a mean diurnal bias of
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—12.24 ppm across all stations, with station-specific biases of —10.99 ppm (BL), —14.13 ppm (DG), —13.90 ppm (KP),
—15.56 ppm (NH), —11.73 ppm (SY), —11.96 ppm (XZ), and —7.38 ppm (XC).
Simulation biases were larger at highly polluted urban stations (e.g., DG and NH) than at suburban stations (e.g., BL
and SY). This error pattern was closely linked to the complexity of anthropogenic emission sources. Urban areas typically
320  feature more intricate emission mixtures, which can lead to greater model uncertainty. In contrast, suburban areas with lower
and less complex emissions generally facilitate more accurate simulations (Lian et al., 2021; Super et al., 2020). For the
coastal station XC, the model's ability to represent CO, was influenced not only by weaker anthropogenic sources but also by
local sea-breeze circulations (Mai et al., 2024). After assimilating CO, observations, the diurnal biases across the PRD
stations fell to —1.28 ppm (BL), —2.22 ppm (DG), —1.55 ppm (KP), —2.57 ppm (NH), —0.23 ppm (SY), 1.75 ppm (XZ), and
325 —1.13 ppm (XC). The mean bias dropped to —1.53 ppm, an improvement of 10.7 ppm, demonstrating that the
GRACES-GHG-DA system effectively mitigated anthropogenic emission uncertainty and enhanced CO, simulation
accuracy.
Notably, a slight underestimation of CO, persisted during morning rush hours in GRACES-GHG-DA simulations, with
a mean bias of 0.34 ppm and a value reaching 5.23 ppm at the BL station. This discrepancy was likely due to two factors: the
330 difficulty in resolving complex traffic emissions at high resolution and the challenge of capturing rapid morning changes in
meteorological conditions (e.g., solar radiation, temperature, wind, and boundary layer height). For the remainder of the day,
simulations showed excellent agreement with observations, with a mean bias of only 0.07 ppm. Biases were persistently
higher in high-emission urban areas (e.g., DG and NH) compared to suburban areas (e.g., SY and XC), even after

assimilation, highlighting the crucial role of anthropogenic emissions in affecting inversion accuracy in the PRD.
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Figure 7. Diurnal distributions of simulated and observed CO, concentrations for the regional kilometer-scale carbon
assimilation system (Guangzhou Regional Atmospheric Composition and Environment Forecasting System-Greenhouse
Gas-Data Assimilation, GRACES-GHG-DA) developed in this study. Colored bars represent the standard deviation. In the
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figure, "Obs." indicates observation, "Prior" refers to forward simulations, and "Posterior” denotes post-assimilation results.
340 3.4 Spatial comparison of CO, concentration inverted by GRACES-GHG-DA before and after assimilation

To further evaluate improvements in regional atmospheric CO, inversions obtained using the GRACES-GHG-DA
system, this study compared the spatial distribution of CO, concentrations over the PRD before and after data assimilation
(Figure 8). The mean concentration from the forward simulation was 426.97 ppm (Figure 8a). Following assimilation, the
inverted value rose to 437.77 ppm (Figure 8b), suggesting that the EDGAR inventory might underestimate regional

345  anthropogenic CO, emissions.
In forward simulations, CO, concentrations exhibited multiple high-value centers, primarily over Guangzhou,
Dongguan, and Foshan, with secondary centers at the Yunfu-Zhaoging border, the southeastern Qingyuan-southwestern
Shaoguan region, and southern Huizhou. These pollution centers corresponded well with pollution sources in the EDGAR
inventory. After assimilating CO, observations via GRACES-GHG-DA, the multi-center pattern in the PRD region became
350 more distinct. The highest CO, concentrations were recorded in the core area (Guangzhou-Dongguan—Foshan—Shenzhen),
with a mean of 442.47 ppm, representing an increase of 14.79 ppm over the forward simulation (427.68 ppm; Figure 8c).
High-value centers at the Yunfu-Zhaoging border, southeastern Qingyuan—southwestern Shaoguan, southern Huizhou,
Huizhou-Heyuan border, and southern Jiangmen exhibited CO, concentrations comparable to the PRD core area, with
increments exceeding 20.0 ppm relative to forward simulations (Figure 10c). This spatial distribution reflects the impact on
355  CO, concentrations due to recent pollution control policies, which have driven the migration of high-polluting industries

from the PRD core to eastern, western, and northern Guangdong (Bian et al., 2019; Mai et al., 2021; Wang et al., 2021).
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Figure 8. Comparison of 2022 atmospheric CO, concentrations in the Pearl River Delta (PRD) region before and after
assimilation. (a) Forward simulation; (b) assimilation inversion; (c) differences in CO, concentrations before and after

360  assimilation.
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4 Spatial distribution of top-down anthropogenic CO, emissions in the PRD region and comparison with bottom-up
statistical inventories

By assimilating high-precision CO, data from greenhouse gas observation stations in the PRD region, the

GRACES-GHG-DA system generated a near-real-time top-down anthropogenic CO, emission inventory with a 4-km

365 resolution (Figure 9a). In 2022, the total anthropogenic CO, emissions inverted for the PRD region were 113.99 Tg C.

Across the PRD core area, including Guangzhou, Dongguan, Foshan, and Shenzhen, the average anthropogenic CO,

-2 afl

emission flux exceeded 7500 g C m . Emission hotspots were identified along the Guangzhou-Dongguan, Guangzhou—

Foshan, and Shenzhen—Hong Kong borders, where fluxes reached nearly 18,000 g C m™2 a™. Peak emission fluxes above
15,000 g C m2 a* were also detected in several other areas, including the Zhaoging—Yunfu border, southeastern Qingyuan—
370  southwestern Shaoguan, southeastern Huizhou, the Huizhou—Heyuan border, southern Jiangmen, and southern Zhuhai. These
high fluxes likely reflected emissions from concentrated pollution sources and aligned spatially with elevated CO,
concentrations (Figure 8b). Outside the PRD core and surrounding high-emission areas, anthropogenic CO, fluxes generally
remained below 3800 g C m 2 a™. In Zhaoging, Heyuan, and Yangjiang—excluding a small number of point sources in
southwestern Yangjiang—fluxes were below 1000 g C m2a ™.
375 The regional CO; inversion inventory is compared with four bottom-up statistical inventories in Figure 9b. For 2022,
the total CO, emissions in the PRD region obtained from the EDGAR, GCP, ODIAC, and MEIC inventories were 94.51,
127.86, 103.02, and 72.08Tg C, respectively. Collectively, the mean value of these inventories (99.37 Tg C) was 14.71%
lower than the inversion estimate. The MEIC inventory showed the largest discrepancy, with an underestimation of 36.77%.
Spatially, the EDGAR inventory primarily underestimated emissions in the PRD core area by over 1,500 g C m2a ™.
380  Underestimations exceeding 700 g C m ® a™* were also detected in northeastern Jiangmen, Zhongshan, the Yunfu-Zhaoging
border, southern Huizhou, central Shaoguan, and southern Shanwei. In contrast, the EDGAR inventory agreed well with the
inversion inventories for Maoming, Yangjiang, Shaoguan, Meizhou, Jieyang, and Shantou, with minor differences ranging
from-130t0 130gCm?a™
Similar to EDGAR, the MEIC inventory exhibited a greater underestimation of CO, fluxes, with the magnitude
385  exceeding 2,000 g C m2a* in Guangzhou, Dongguan, and Shenzhen. Additional underestimations were mainly scattered as
point sources outside the PRD core area, which were potentially associated with concentrated industrial emissions. However,
the MEIC inventory overestimated fluxes by nearly 2,000 g C m2 a* in Foshan, Zhongshan, Zhuhai, central Qingyuan,
southern Jiangmen, and northern Huizhou.
In contrast to EDGAR, both the ODIAC and GCP inventories overestimated fluxes by more than 1,000 g C m2 a*

390  along the borders of southern Guangzhou, Dongguan, and Foshan, while their underestimations were confined to discrete

point sources. In regions with relatively low CO, emissions (e.g., Qingyuan, Shaoguan, Maoming, Yangjiang, Meizhou,
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Jieyang, and Shantou), discrepancies between all statistical inventories and the inversion results were minimal, generally
within £200gC m2a ™.
In summary, relative to bottom-up inventories, the inversion inventory derived from GRACES-GHG-DA data
395 assimilation showed more reconciled spatial adjustments. Major discrepancies between this inversion inventory and the four
statistical inventories were concentrated in the high-emission urban core of the PRD region, whereas non-core areas showed

much closer agreement.
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Figure 9. Spatial distribution of the anthropogenic CO, inversion inventory and its differences compared to bottom-up
400 inventories in the Pearl River Delta (PRD) region in 2022. (a) Anthropogenic CO, inversion inventory obtained in this study;
(b) spatial differences between the inversion inventory and four bottom-up statistical inventories (EDGAR, GCP, ODIAC,
and MEIC).
In general, inherent uncertainties in sectoral, temporal, and emission factor allocations often limit the ability of
bottom-up inventories to depict GHG source-sink dynamics and spatial heterogeneity (Cai et al., 2021). Conversely, the
405 top-down inversion method provides a superior constraint by assimilating high-precision CO, observations to optimize a
prior bottom-up inventory, thereby enabling the more comprehensive and accurate characterization of regional anthropogenic
emissions.
Figure 10 compares the anthropogenic CO, emission inventory developed in the present study with four statistical
inventories across major cities in the PRD region. The R between the atmospheric CO, inversion inventory and the EDGAR
410  statistical inventory reached 0.99, indicating highly consistent variation trends. This strong agreement likely stemmed from
the use of the EDGAR inventory as the prior inventory for anthropogenic CO, sources in our inversion. Moreover, the linear
regression between the inversion and EDGAR inventories showed better agreement in both slope and intercept compared to

the other three statistical inventories. In terms of CO, emission intensity, the two inventories exhibited good consistency for
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values below 10 Tg C a*. However, as the emission intensity increased, the underestimation by the EDGAR inventory

415 became more pronounced, with an average discrepancy of 5.14 Tg C a* in high-emission cities such as Guangzhou, Foshan,
and Dongguan.

The correlation coefficients (R) between the atmospheric CO, inversion inventory and the ODIAC and GCP inventories

ranged between 0.74 and 0.80, significantly lower than the correlation with EDGAR (Figure 10b). For emissions at or below

10 Tg C a*, both ODIAC and GCP produced lower estimates than the inversion inventory. At emissions exceeding 20 Tg C

420  a*, however, their estimates were generally higher. In contrast, the MEIC inventory showed the weakest correlation (R =

0.72). MEIC systematically underestimated emissions across all regions, with an average underestimation of 9.67 Tg Ca in

high-emission cities including Guangzhou, Dongguan, and Foshan.
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Figure 10. Comparison of the anthropogenic CO, inversion inventory of this study with bottom-up inventories in the Pearl
425 River Delta (PRD) region. (a) EDGAR; (b) ODIAC; (c) GCP; (d) MEIC. City abbreviations: ZS (Zhongshan City), ZQ
(Zhaoging City), ZH (Zhuhai City), JM (Jiangmen City), SZ (Shenzhen City), HZ (Huizhou City), DG (Dongguan City), FS

(Foshan City), GZ (Guangzhou City).

5 Spatiotemporal distribution of regional top-down anthropogenic CO, emissions and their relationship with CO,
concentrations

430 5.1 Seasonal distribution of regional anthropogenic CO, emissions
Seasonal variations in regional anthropogenic CO, emissions arise from multiple factors, including differences in fossil
fuel combustion, variations in climate conditions, and fluctuations in vehicle emissions. Figure 11 illustrates the inverted

seasonal distribution of anthropogenic CO, emissions for the PRD region in 2022. The total anthropogenic CO, emissions

during spring, summer, autumn, and winter were 24.30, 30.18, 30.66, and 27.06 Tg C, respectively. Spatial distributions
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435 (Figure 12) showed consistent patterns across the four seasons. Within PRD core regions, the mean anthropogenic CO, flux
surpassed 7000 g C m2 a %, with high-emission peaks approaching 28000 g C m2 a* in areas including the Guangzhou—
Foshan border, western Dongguan, and the Shenzhen—Hong Kong border. Additionally, discrete high-emission point sources
were identified at the Zhaoqging—Yunfu border, central and northern Qingyuan, southern Shaoguan, southern Jiangmen, and
southern Huizhou, where CO, fluxes exceeded 6000 g C m2 a*. This pattern may be attributed to emissions from local

440  industrial facilities. In contrast, anthropogenic CO, fluxes in Yangjiang, central and northern Zhaoging, central Huizhou, and
Meizhou remained below 1000 g C m2a ™.

The seasonal comparison of regional anthropogenic emission sources (Figure S4) revealed that anthropogenic CO,
emission fluxes in spring were generally lower than those in other seasons. Specifically, regions with lower fluxes in spring
relative to summer and autumn were primarily concentrated in southern Guangzhou and its border with Foshan, where CO,

445  differences approached 5000 g C m™ a *. In southern Guangzhou, spring anthropogenic CO, fluxes were nearly 4500 g C
m2a ! lower than those in winter. In contrast, in areas including the Guangzhou—Foshan border and central Huizhou, spring
CO, fluxes were approximately 2500 g C m2 a* higher than those during winter.
Anthropogenic CO, emissions in the PRD region peaked in autumn. The largest seasonal increase, reaching 7500 g C
m?a* compared to spring and winter, occurred in Foshan, central-southern Guangzhou, and the Guangzhou—Foshan border.
450 In contrast, areas with lower autumn emissions relative to winter were primarily located at the Yunfu-Zhaoging border,
southern Shenzhen, and western Dongguan, with a maximum decline of 2500 g C m 2 a *. A notable contrast was also found
within the Guangzhou—Foshan area: southern Guangzhou showed a 5000 g C m 2 a™* increase in autumn over summer,

whereas the Guangzhou—Foshan border experienced a reduction of about 2500 g C m2a ™.
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Figure 11. Seasonal distribution of anthropogenic CO, emissions in the Pearl River Delta (PRD) region for 2022. MAM, JJA,

SON, and DJF denote March—-May, June—August, September—November, and December—February, respectively.
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460  Figure 12. Spatial distribution of anthropogenic CO, emission fluxes in the Pearl River Delta (PRD) region for 2022. MAM,
JJA, SON, and DJF denote March—May, June-August, September—November, and December—February, respectively. The

color bar represents CO, emissions.
5.2 Diurnal variation of regional anthropogenic CO, emissions and their interaction with CO, concentrations

The inversion of diurnal CO, variations represents a key challenge in regional-urban carbon flux analysis, as current

465 methodological capabilities are largely restricted to daily and weekly temporal resolution (Bréan et al., 2015; Wu et al.,

2016). This limitation hinders the quantification of diurnal CO, variations and prevents the dynamic adjustment of carbon

sources and sinks in urban regions. This is partly due to insufficient hourly CO, concentration observations in high-emission

urban areas and partly due to the urgent need to develop hourly carbon flux prediction operators for inversion models (Peng

et al., 2022; Kou et al., 2024). In the present study, we address these issues by coupling WRF-GHG with 4D-LETKF to

470  assimilate hourly CO, observations across the PRD region, thereby producing near dynamically updated CO, ensemble
forecasts and analysis fields.

Figure 13a depicts the diurnal cycle of CO, emissions in the PRD region for 2022. A single-peak pattern was observed
across all seasons, with mean fluxes of 1.10, 1.37, 1.40, and 1.25 (<102 Tg C hour ) in spring, summer, autumn, and winter,
respectively. The lowest emissions were obtained in spring, with a peak of 1.16 x 107 Tg C hour* and the smallest

475  amplitude (peak-to-trough difference: 1.16 < 1072 Tg C hour ). This seasonal minimum is likely attributed to moderate

temperatures, which reduce the demand for high-power appliances such as air conditioners, coupled with lower
20
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manufacturing activity. Previous studies indicate that industry and power plants, the primary consumers of fossil fuels,
contribute 75%-90% of the anthropogenic CO, emissions in the PRD region (Mai et al., 2021).

A distinct summer peak in anthropogenic CO, emissions of 1.48 <1072 Tg C hour * was observed in the PRD region

480 between 09:00 and 12:00 local standard time (LST), with a diurnal amplitude of 0.23 x 10 Tg C hour *. This surge
coincides with high cooling demand under hot and humid conditions (apparent temperatures of up to 40<C), which
significantly increases electricity consumption from fossil fuels. According to statistics, thermal power generation in
Guangdong Province during the summer of 2022 reached 107.54 billion kWh, second only to that in the autumn (with
electricity consumption of 116.49 billion kwWh) (National Bureau of Statistics of China, 2023).

485 Temperatures in the PRD region remain high during autumn, coinciding with the peak season for manufacturing
industries including electronics, apparel, and automobiles. Energy demand from industrial enterprises and power plants
reaches its annual peak, driving regional anthropogenic CO, emissions to their highest level. Consequently, the results
showed that the diurnal CO, flux attained a maximum value of 1.55 <102 Tg C hour *, with the peak persisting from 10:00
to 14:00 LST, indicating robust economic activity.

490 In winter, the regional anthropogenic CO, flux peaked at 1.36 x 1072 Tg C hour*, primarily between 09:00 and 12:00
LST, with a diurnal amplitude of 0.20 <1072 Tg C hour *. This pattern was likely influenced by two factors. First, although
winter temperatures in the PRD typically remain above 15<C, with rare sub-zero periods, heating demand from electrical
appliances still causes short-term load increases. Second, the significant peak-to-off-peak electricity price differential in core
cities may prompt some industries to shift production schedules to reduce costs. Collectively, these factors lead to

495 substantially lower energy demand and consequent CO, emissions during winter than during autumn.

Previous studies have demonstrated that anthropogenic emissions, particularly motor vehicle emissions, are the primary
source and main driver of the diurnal variation of atmospheric CO, concentrations (Mai et al., 2021). To comprehensively
understand the correlation between anthropogenic emissions and CO, concentrations in the PRD region, we analyzed the
seasonal distributions of diurnal CO, emissions and concentrations (Figure 13b). The regional CO, concentrations exhibited

500 adiurnal cycle with a consistent bimodal structure across all seasons, distinct from the unimodal pattern of anthropogenic
emissions. Seasonal mean CO, concentrations were the highest in winter (445.02 ppm), moderate in spring and autumn
(437.21 ppm and 437.55 ppm, respectively), and the lowest in summer (429.03 ppm), with peaks occurring between 05:00—
07:00 and 21:00-23:00 LST.

In contrast, the diurnal structures of anthropogenic CO, emissions and CO, concentrations differed markedly across

505 seasons. Anthropogenic emissions were comparable in summer and autumn, followed by lower emissions in winter and the
lowest emissions in spring. This seasonal ranking of emissions differed significantly from the seasonal pattern of CO,

concentrations. These results suggest that anthropogenic emissions are not the dominant factor regulating CO,
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concentrations in the study region. Our study hypothesizes that, in addition to anthropogenic carbon emissions, factors
including vegetation conditions, boundary layer structure, and regional atmospheric transport may also exert important
510  regulatory effects on CO, concentrations. To verify this hypothesis, we analyzed the relationships between CO,
concentrations and factors including anthropogenic CO, emission sources, natural sinks, and planetary boundary layer height
(PBLH) (Figure 13). The highest mean diurnal concentration occurred in winter (Figure 13b), despite intermediate emission
levels (Figure 13a). This was likely due to the weakest net carbon uptake by vegetation (Figure 13c) and the lowest PBLH
(Figure 13d), both of which favored local CO, accumulation. Additionally, driven by winter monsoon winds, the
515  cross-regional transport of CO, from high-latitude areas further increased CO, concentrations in the PRD region (Figure S5).
In contrast to winter, summer exhibited the lowest CO, concentration (Figure 13b), although its anthropogenic carbon
emissions were comparable to those in autumn. This was attributed to stronger vegetation uptake (Figure 13a, c), which
offset anthropogenic sources, and a higher PBLH, which enhanced dispersion (Figure 13d). Furthermore, summer
southwestern monsoon winds imported air with lower CO, levels from the South China Sea, reducing local concentrations

520  (Figure S5).
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Figure 13. Diurnal variation characteristics of (a) CO, emission sources, (b) CO, concentrations, (c) natural CO, fluxes, and
(d) planetary boundary layer height (PBLH) in the Pearl River Delta (PRD) region for 2022. MAM, JJA, SON, and DJF

denote March—May, June-August, September—November, and December—February, respectively.
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525 6 Conclusions

Climate change adaptation and mitigation in China will require enhanced carbon evaluation capacities. China’s national
dual carbon goals of achieving peak carbon emissions by 2030 and carbon neutrality by 2060 highlight the need for the
reliable verification of emission reductions. Addressing this challenge necessitates the development of high-resolution
top-down inversion technologies. These techniques will not only enable the objective quantification of anthropogenic CO,

530 sources and natural carbon sinks but will also provide scientific evidence to evaluate the effectiveness of dual-carbon—
aligned emission reduction measures while supporting regional initiatives in energy conservation, emission reduction, and
climate change mitigation. To address this issue, we developed the GRACES-GHG-DA system by coupling WRF-GHG with
4D-LETKF. This system assimilates CO, observation data from seven high-precision greenhouse gas monitoring stations in
the PRD region to construct a near-real-time 4-km anthropogenic emission inventory. This inventory enables the analysis of

535 the spatiotemporal distribution of emissions and their association with CO, concentrations. The main conclusions of the
present study are as follows:

(1) The GRACES-GHG-DA system accurately captures the spatial distribution of atmospheric CO, concentrations in
the PRD region across resolutions from 36 to 4 km. The assimilation of CO, data maintained consistent model performance
metrics (R, bias, and RMSE) across resolutions. The 4-km resolution proved superior for resolving meso- and micro-scale

540  CO, variations, with simulation biases of —0.77 (hourly), —0.51 (monthly), and 1.51 (diurnally) ppm. Post-assimilation
regional CO, concentrations were 10.8 ppm higher than those obtained from the forward simulation, generally exhibiting a
pattern consisting of high-emission centers over the core PRD regions of Guangzhou-Dongguan—Foshan—-Shenzhen
accompanied by multiple high-value CO, concentration sources in surrounding regions.

(2) The regional top-down CO, emission inventory at a resolution of 4 km in the PRD region was generated by

545  assimilating high-precision CO, data via the GRACES-GHG-DA system. In 2022, the inverted anthropogenic CO, flux in
core PRD cities averaged over 7500 g C m2 a *, whereas peripheral areas (e.g., Zhaoging, Heyuan, and Yangjiang) exhibited
fluxes of less than 1000 g C m 2 a™*. The inversion showed strong spatial agreement with the EDGAR inventory (R = 0.99)
and moderate correlations (R = 0.72-0.80) with ODIAC, GCP, and MEIC. Furthermore, the mean total emissions obtained
from the statistical inventories were 14.71% lower than the inverted estimate, with an underestimation exceeding 1,500 g C

550  m2a'in the core urban centers of the PRD region.

(3) Anthropogenic CO, emissions in the PRD region during 2022 exhibited a consistent single-peak diurnal pattern
across all seasons, with totals of 24.03 Tg C in spring, 29.86 in summer, 30.61 in autumn, and 27.26 in winter. The seasonal
minimum in spring was likely attributed to reduced residential electricity demand under moderate temperatures and lower

fossil fuel consumption by power plants amid off-peak manufacturing. Conversely, emissions peaked in autumn in
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association with elevated household electricity use due to high temperatures and substantial industrial power consumption
during the peak manufacturing season for commodities including electronic products, apparel, and automobiles.

(4) CO;, concentrations in the PRD region exhibited a consistent bimodal diurnal cycle and a distinct seasonal pattern
across all seasons, with the highest mean value recorded in winter (445.02 ppm) and the lowest in summer (429.03 ppm).
The intermediate mean CO, values in spring (437.21 ppm) and autumn (437.55 ppm) were comparable. The significant
discrepancy between this concentration pattern and the seasonal profile of anthropogenic emissions suggests that, in addition
to direct anthropogenic emissions, processes such as vegetation carbon source-sink dynamics, boundary layer evolution, and

regional transport play significant roles in shaping CO, concentrations.
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