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Abstract The magnitude and distribution of China's terrestrial carbon sink remain uncertain due to
insufficient observational constraints; satellite column-average dry-air mole fraction carbon dioxide (XCO,)
retrievals may fill some of this gap. Here, we estimate China's carbon sink using atmospheric inversions of
the Orbiting Carbon Observatory 2 (OCO-2) XCO, retrievals within different platforms, including the Global
Carbon Assimilation System (GCAS) v2, the Copernicus Atmosphere Monitoring Service, and the OCO-2
Model Inter-comparison Project (MIP). We find that they consistently place the largest net biome production
(NBP) in the south on an annual basis compared to the northeast and other main agricultural areas during
peak growing season, coinciding well with the distribution of forests and crops, respectively. Moreover, the
mean seasonal cycle amplitude of NBP in OCO-2 inversions is obviously larger than that of biosphere model
simulations and slightly greater than surface CO, inversions. More importantly, the mean seasonal cycle of
the OCO-2 inversions is well constrained in the temperate, tropical, and subtropical monsoon climate zones,
with better inter-model consistency at a sub-regional scale compared to in situ inversions and biosphere model
simulations. In addition, the OCO-2 inversions estimate the mean annual NBP in China for 2015-2019 to be
between 0.34 (GCASvV2) and 0.47 + 0.16 PgCl/yr (median =+ std; OCO-2 v10 MIP), and indicate the impacts
of climate extremes (e.g., the 2019 drought) on the interannual variations of NBP. Our results suggest that
assimilating OCO-2 XCO, retrievals is crucial for improving our understanding of China's terrestrial carbon
sink regime.

Plain Language Summary The magnitude and distribution of China's terrestrial carbon sink
remain underconstrained; satellite column-average dry-air mole fraction carbon dioxide (XCO,) retrievals

from NASA's Carbon Observatory 2 (OCO-2) could help reduce this uncertainty. This study revisited China's
terrestrial carbon sink estimates based on state-of-the-art OCO-2 XCO, inversions, including the Global Carbon
Assimilation System OCO-2 inversion, the Copernicus Atmosphere Monitoring Service OCO-2 inversion, and
those in the OCO-2 Model Inter-comparison Project. We found that the assimilation of OCO-2 XCO, retrievals
offers effective constraints on the spatiotemporal patterns of the terrestrial carbon sink of China. This result
suggests that the OCO-2 XCO, inversions allow an improved understanding of China's land carbon sink over
in situ CO, inversions and bottom-up biosphere model simulations, including better representations in spatial
distributions and seasonal cycles and more plausible interannual variations. These improvements suggest that
the assimilation of OCO-2 XCO, retrievals offers effective constraints on the spatiotemporal patterns of the
terrestrial carbon sink of China.
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1. Introduction

The global terrestrial carbon sink offsets approximately one-third of the CO, emitted to the atmosphere by
anthropogenic activities (Friedlingstein et al., 2022), thus playing an important role in the global carbon budget.
While the global terrestrial carbon sink is relatively well quantified (about 3.4 + 0.9 PgC/yr) (Friedlingstein
et al., 2022), the carbon sinks over different regions of the globe face large uncertainties. This is particularly true
for regions where observational data is lacking, making it challenging for countries to evaluate the impact of their
carbon-reduction measures. Thus, accurate quantification of carbon sinks requires further research attention at
regional scales.

Atmospheric inversion is a significant approach to estimating surface carbon fluxes at global to regional scales
and has been widely used for quantifying terrestrial carbon sinks (Chevallier et al., 2009; Peters et al., 2007,
Peylin et al., 2013; Rodenbeck et al., 2003; van der Laan-Luijkx et al., 2017). In atmospheric inversions, the
major sources of uncertainty in the carbon flux estimates are due to transport model errors, the quality and quan-
tity (and distribution) of atmospheric CO, concentration measurements, inversion techniques, and, for regional
inversion models, boundary condition errors (W. He et al., 2018b; Peylin et al., 2013). Therefore, it's essential
to inter-compare transport models (e.g., TRANSCOM) (Gurney et al., 2004) and different inversion frameworks
(e.g., in Orbiting Carbon Observatory [OCO]-2 Model Inter-comparison Project [MIP]) (Crowell et al., 2019;
Peiro et al., 2022), and conduct regional carbon budget assessments (e.g., RECCAP-II) (Ciais et al., 2022) to
better understand the uncertainties in carbon flux estimation at large scales. Recently, more attention has been
given to regional scales (Ciais et al., 2022; Monteil et al., 2020; Philip et al., 2022), where quantification of terres-
trial carbon sinks using atmospheric CO, data at regional scales is very meaningful for countries and smaller
regions to assess their land sink capacity and make policy decisions regarding their respective carbon emissions.

However, quantifying the terrestrial carbon sink at regional scales poses significant challenges. Historically,
disputes over the land carbon sink size of North America or the United States (Fan et al., 1998; Field &
Fung, 1999; Holland & Brown, 1999) have been recently illuminated by decades of effort (Second State of the
Carbon Cycle Report (SOCCR2, Cavallaro et al., 2018)). Similarly, ongoing debates persist over Europe's carbon
sink size (Janssens et al., 2003; Reuter et al., 2017; Scholze et al., 2019). China faces similar issues, with fewer
observational constraints available despite being the world's largest emitter of carbon. The Chinese government
has set a goal of carbon neutrality and the paths toward this goal, where the terrestrial carbon sink plays a
pivotal role in this issue. However, sparse CO, observational networks have made estimating China's terres-
trial carbon sink highly uncertain. A large range of magnitudes (0.2-1.1 PgC/yr) for China's terrestrial carbon
sink has been reported by different studies using atmospheric inversions (Jiang et al., 2016; Piao et al., 2009;
Thompson et al., 2016; Yang et al., 2022). A recent study by J. Wang et al. (2020) reports China's carbon sink to
be 1.11 + 0.38 PgC/yr over 2010-2016, which is thought likely to be an overestimate (Piao et al., 2022). Thus,
accurately quantifying the terrestrial carbon sink over China is of great importance.

In recent years, satellite column-average dry-air mole fraction carbon dioxide (XCO,) has shown great promise
to enhance the observational coverage of CO,. Atmospheric inversions of XCO, have been successfully used
to constrain the terrestrial carbon sink over various regions of the globe (Jiang et al., 2021; J. Liu et al., 2021;
R. Liu et al., 2021; Philip et al., 2022; H. Wang et al., 2019). Satellite XCO, is especially useful for regions
lacking surface CO, data, such as China. The OCO-2 and more recently the OCO-3 satellites are of particular
significance, providing high spatial resolution of XCO,. With a much smaller footprint size than the Greenhouse
gases Observing Satellite (GOSAT), OCO-2 collects about 100 times more samples per day (Crisp et al., 2022),
offering greater data density and less spatially mixed atmospheric signals Therefore, OCO-2 has potential to
provide new insights into understanding carbon sources or sinks at regional scales (Philip et al., 2022). Previous
studies have utilized OCO-2 based inversions to investigate regional carbon budgets using either global (Philip
et al., 2022) or regional models (Villalobos et al., 2021), and their seasonal cycle and interannual variability
(IAV) (Z. Chen, Huntzinger, et al., 2021; Z. Chen, Liu, et al., 2021; Peiro et al., 2022; Villalobos et al., 2022) and
extreme climate impacts (Crowell et al., 2019; Kwon et al., 2021) over regions such as Australia, South Asia, and
Siberia. However, such research on China is relatively scarce.

In this study, we assess the magnitude and distribution of China's terrestrial carbon sink based on an ensemble
of OCO-2 XCO, inversions, including the Global Carbon Assimilation System (GCAS) OCO-2 inversion, the
Copernicus Atmosphere Monitoring Service (CAMS) OCO-2 inversion, and those inversions in the OCO-2 MIP
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(OCO-2 v9 MIP and v10 MIP). We expect that the imposed constraints from OCO-2 XCO, retrievals should help
to improve our understanding of the spatiotemporal characteristics of China's terrestrial carbon sink.

2. Data and Method
2.1. Global Carbon Assimilation System, Version 2

GCAS was originally developed in China in 2015 to assimilate in situ CO, data (S. Zhang et al., 2015). Recently
it has been updated with a new scheme to assimilate satellite XCO, retrievals (Jiang et al., 2021). The system uses
the atmospheric transport Model for OZone And Related chemical Tracers (MOZART-4) (Emmons et al., 2010),
which is driven by the Goddard Earth Observing System Model, Version 5 (GEOS-5) meteorological fields and
the Ensemble Square Root Filter optimization technique (Whitaker & Hamill, 2002). The GEOS-5 meteorolog-
ical fields have a horizontal resolution of approximately 1.9° X 2.5° and 72 vertical layers. MOZART-4 was run
with the same spatial resolution as GEOS-5, but with 56 vertical levels. The length of the data assimilation (DA)
window is 1 week. In each DA window, a “two-step” calculation scheme is implemented in GCAS. First, the prior
fluxes are optimized using XCO, data, then the optimized fluxes are fed into the MOZART-4 model to generate
the initial condition of the next window. In order to reduce the computational cost and the representative error of
XCO,, a “super-observation” approach is also adopted, in which a super observation is generated by averaging all
observations located within the same model grid (1° X 1°) within a DA window. In addition, to reduce the impact
of spurious correlations, a localization technique is employed to determine which super-observations are used for
the current grid's optimization. This is based on the correlation coefficient between the flux change of a certain
grid and the concentration change at each observation point, and on the space distances between the grid and the
observation point. For additional information regarding the “super-observation” approach and the localization
technique, please refer to Jiang et al. (2021).

In the system, both the biosphere and ocean fluxes are optimized, and others are prescribed. The prior biosphere
flux is simulated using the Boreal Ecosystem Productivity Simulator model (J. M. Chen et al., 1999, 2019; Ju
et al., 2006), which is driven by remotely sensed global leaf area index (LAI) (Y. Liu et al., 2012) and clumping
index (L. He et al., 2012). Fossil fuel, fire, and prior ocean CO, fluxes are obtained from CarbonTracker 2019B
(Peters et al., 2007), with updates documented at http://carbontracker.noaa.gov). In CT2019B, the “Miller”
and ODIAC emissions datasets were used for fossil fuel CO, emissions; two models are used to provide prior
estimates of air-sea CO, flux, the Ocean Inversion Fluxes scheme and an updated version of the Takahashi
et al. (2009) pCO, climatology. Fire CO, emission is obtained from the Global Fire Emissions Database, Version
4.1 (GFEDA4.1s, van der Werf et al., 2017). Since CT2019B only provides prior data till the March of 2019,
the fossil fuel emission is adjusted from the emission in 2018 by ratios of 2019/2018 in different countries or
regions that are calculated based on the 2018 and 2019 emissions compiled by the Global Carbon Budget 2020
(Friedlingstein et al., 2020). The ocean flux in 2019 is assumed to be the same as in 2018. The output from the
GCAS v2 system with the assimilation of GOSAT XCO, retrievals has been used to estimate regional carbon
budgets (W. He, Jiang, Wu, et al., 2022; Jiang et al., 2021; Jiang, He, et al., 2022; Jiang, Ju, et al., 2022). Here
we estimate global carbon fluxes using only the OCO-2 column-averaged dry-air mole fraction (XCO,) retriev-
als (ACOS XCO, v10) (O'Dell et al., 2018). For this study, only the land retrievals (Land Nadir + Land Glint,
LNLG) were assimilated. Before being used in the inversion system, the pixel-level XCO, data were filtered with
xco,_quality_flag, and then re-gridded to a spatial resolution of 1° X 1° (Jiang, Ju, et al., 2022).

The carbon flux derived with GCAS v2 had been validated before when assimilating GOSAT XCO, retrievals
(W. He, Jiang, Wu, et al., 2022; Jiang et al., 2021; Jiang, He, et al., 2022; Jiang, Ju, et al., 2022). Here extra vali-
dation and evaluation work was conducted for moving to assimilate OCO-2 XCO, retrievals. We evaluated the
OCO-2 inversion using 70 surface CO, sites from the ObsPack GLOBALVIEWplus v7.0 data product (Masarie
et al., 2014) over the globe (Table S1 and Figure S1 in Supporting Information S1 shows the evaluation over
East Asia) and aircraft data from the Comprehensive Observation Network for Trace gases by AlrLiner project
(CONTRAIL, Machida et al., 2008) over East Asia (Figure S2 in Supporting Information S1). The results suggest
the GCAS OCO-2 inversion imposed robust constraints on regional flux estimates.

2.2. CAMS CO, Inversions

In the CAMS CO, inversion system, atmospheric transport is simulated using the general circulation model of
the Laboratoire de Meteorologie Dynamique (LMDz) that is driven by ERAS5 meteorological fields, the prior

HEET AL.

3 of 21


http://carbontracker.noaa.gov

V od |
AGU

ADVANCING EARTH
AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres 10.1029/2022JD037773

CO, surface fluxes are from a climatology of natural land fluxes simulated by the ORCHIDEE model. The inver-
sion relies on a variational formulation of Bayes theory. CAMS CO, inversions consist of both OCO-2 XCO,
(Chevallier et al., 2019) and surface CO, based inversions (Chevallier et al., 2010). In this study, both versions
are used for our analyses. We use monthly averaged net land-atmosphere fluxes of CO, at a spatial resolution
of 1.875° (latitude) x 3.75° (longitude). The OCO-2 inversion (version FT21r2) spans over 2015-2021 using
version 10r of NASA's OCO-2 XCO, retrievals, and the in situ inversion (version v20r2) spans over 1979-2020
using surface CO, observations. The estimated fluxes from CAMS OCO-2 inversions have been successfully
applied in a couple of studies (Kwon et al., 2021; K. Wang et al., 2021). It is worth mentioning that the CAMS
OCO-2 inversion had also participated in the OCO-2 MIP (OCO-2 MIP), in which it strictly follows the project
protocols, which are different from the CAMS operational procedure in terms of observation error and prior fossil
fuel fluxes. In the operational procedure, the gridded data set of monthly fossil fuel emissions (GCP-GridFED
version 2020.1 (Jones et al., 2021)) was used.

2.3. OCO-2 Model Inter-Comparison Project

The Orbiting Carbon Observatory-2 (OCO-2) MIP is a collaborative effort among atmospheric CO, modelers
to study the impact of assimilating OCO-2 retrieval data into atmospheric inversion models. In this study, we
employed the carbon fluxes from both v9 (Crowell et al., 2019; Peiro et al., 2022) and v10 inversions (Byrne
et al., 2023), which used NASA's operational bias-corrected OCO-2 L2 Lite XCO, product v9r and v10r retriev-
als, respectively ((Kiel et al., 2019), https://daac.gsfc.nasa.gov). The v9 MIP includes 10 inversion models,
including Ames, Baker, CAMS, CMS-Flux, CSU, CT, LoFi, OU, TM5-4DVAR, and UT, while The v10 MIP
includes all v9 participated models plus four extra models, that is, COLA, JHU, NIES, and WOMBAT. All these
models were run following a unified protocol that required them to use the same input of assimilated OCO-2
XCO, data, data uncertainties, and anthropogenic emissions (e.g., for v10 the ODIAC 2020 was used). However,
the LoFi inversion adopts a different method (low-order) from general flux inversion systems for the flux estimate
and it was excluded from the model ensemble calculation of the OCO-2 MIPs. The outputs of the two MIPs cover
the time periods 2015-2018 and 2015-2020, respectively. Detailed information about these models is shown
in Table 1. The estimated fluxes from this intercomparison project have been thoroughly verified and analyzed
for continental carbon budgets worldwide (Crowell et al., 2019; Peiro et al., 2022). The MIP includes different
inversion experiments assimilating various types of observational constraints. In this study, we used the “LNLG”
version that assimilated both OCO-2 Land Nadir and Land Glint retrievals, and the “IS” version that assimilated
surface in situ CO, data, which was also employed for comparative analyses.

2.4. Global Operational Atmospheric Inversion Systems Assimilating In Situ CO, Data

In addition to the in situ CO, based global inversions (IS) from CAMS and OCO-2 MIPs, we also used carbon
flux estimates from CarbonTracker Europe (CTE2020) (Peters et al., 2010; van der Laan-Luijkx et al., 2017),
CarbonTracker (CT2019B) (Jacobson et al., 2020; Peters et al., 2007), and Jena CarboScope (Rodenbeck
et al., 2003, 2018) for comparison. The CTE system (Peters et al., 2010; van der Laan-Luijkx et al., 2017) devel-
oped at Wageningen University (http://www.carbontracker.eu) assimilates global air samples of CO, mole frac-
tions to adjust prior surface carbon fluxes simulated by the SIBCASA model. For this study, we used the monthly
CTE2020 fluxes with a spatial resolution of 1° x 1°. The CT system (Peters et al., 2005, 2007), was developed
at the National Oceanic and Atmospheric Administration of the U.S. (CarbonTracker CT2019B, http://carbon-
tracker.noaa.gov). We used the monthly CT2019B fluxes at a spatial resolution of 1° X 1°. The Jena CarboScope
product was developed at Max Planck Institute for Biogeochemistry in Jena (MPI-BGC, http://www.bgc-jena.
mpg.de/CarboScope/), which provides global monthly fluxes at a spatial resolution of 2.75° X 2°. The Jena
CarboScope 510 v2020 inversion covers the period 2010-2019, which assimilates surface CO, observations from
75 stations (more than previous versions) over the globe.

2.5. Bottom-Up Estimates From Terrestrial Biosphere Models

We also compare our estimate with the output of an ensemble of state-of-the-art process-based models from
the TRENDY project (version 9) (Sitch et al., 2015). We employed 12 models, namely CABLE-POP (Haverd
et al., 2018), CLASSIC (Melton et al., 2020), IBIS (Foley et al., 1996), ISAM (Jain et al., 2013), ISBA-CTRIP
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Figure 1. (a) Climate zones and (b) ecoregions over China. TropMC—tropical monsoon climate; SMC—subtropical
monsoon climate; PMC—plateau mountain climate; TCC—temperate continental climate; and TempMC—temperate
monsoon climate.

(Delire et al., 2020), LPJ (Poulter et al., 2011), LPX-Bern (Lienert & Joos, 2018), OCN (Zachle & Friend, 2010),
ORCHIDEE (Krinner et al., 2005), ORCHIDEE-CNP (Y. Sun et al., 2021), ORCHIDEEv3 (Vuichard et al., 2019),
and YIBs (Yue & Unger, 2015). For the comparison, we used simulations under scenario S3, which considered
impacts from CO,, climate, land use, and gridded atmospheric nitrogen deposition and nitrogen fertilizers. These
simulations were conducted using the merged monthly Climate Research Unit and 6-hourly Japanese 55-year
Reanalysis (JRA-55) data set, and they provide monthly fluxes at a spatial resolution of 0.5° x 0.5°.

2.6. Ancillary Data Sets

To evaluate the seasonality of inverted net biome production (NBP) derived from OCO-2 XCO,, we included two
ancillary variables, LAI and SIF, retrieved from satellite observations. These variables can reasonably capture the
seasonal variations of vegetation growth and in principle have some levels of agreement with the seasonal cycles
of GPP and NBP. GLOBMAP LAI (v3) provides a consistent long-term global LAI product (1981-2020) at a
gridded 8 km resolution by quantitative fusion of Moderate Resolution Imaging Spectroradiometer (MODIS) and
historical Advanced Very High Resolution Radiometer data (Y. Liu et al., 2012). In addition, remotely sensed SIF
has shown great promise for probing spatiotemporal variations of GPP (Guanter et al., 2014; Li et al., 2018). Here
we use a reconstructed contiguous SIF data set over 20002020 (Y. Zhang et al., 2018) based on OCO-2 data and
MODIS data (named CSIF, v2). We aggregate the data into monthly time steps.

We used the Global Land-surface Evaporation Amsterdam Methodology (GLEAM, version 3.5a) surface soil
moisture (SM) data to indicate drought stress. The GLEAM SM was derived from a combination of both passive
and active sensors based satellite surface SM products through DA (Martens et al., 2017; Miralles et al., 2011).
It is provided at a daily scale over 1980-2020 with a spatial resolution of 0.25° x 0.25°. In addition, SIF and LAI
were used to indicate drought impacts on the terrestrial ecosystems.

2.7. Climate Zones and Ecoregions

The five main climate zones and four aggregated ecoregions over China are shown in Figure 1. These climate
zones include tropical monsoon climate (TropMC), subtropical monsoon climate (SMC), plateau mountain
climate (PMC), temperate continental climate (TCC), and temperate monsoon climate (TempMC). The ecore-
gions were aggregated based on the IGBP classification scheme of MODIS land cover data (MCD12C1) for the
year 2012 at a spatial resolution of 1° X 1°. Due to the relatively small area of the TropMC zone, it was combined
with the SMC zone in our analysis, and referred to as “Trop-SMC.”
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Figure 2. Comparison of the biases between optimized mole fractions by the in situ or satellite inversions and Comprehensive Observation Network for Trace gases by
AlrLiner project aircraft observations during 2015-2019 over one part of East Asia (15°-55°N, 108°~155°E). The simulations at two elevation levels, 2—8 and above

8 km, were evaluated. The boundary layer below 2 km was not included in the assessment, since this level is affected by high emissions from airports. The elevation
level of 2-8 km represents the height for aircraft takeoff and landing, while above 8 km corresponds to normal flight. Compared with these in situ inversions, the biases
for Orbiting Carbon Observatory 2 inversions were clearly lower in southeastern China (indicated in red rectangles).

3. Results

3.1. Improved Posterior CO, Simulation by OCO-2 Inversions Compared to In Situ Inversions:
Evaluated With CONTRAIL Aircraft Observations

To evaluate and compare the performance of OCO-2 inversions and in situ inversions on flux estimates, we
investigated the biases between optimized mole fractions by either in situ or satellite inversions and CONTRAIL
aircraft observations during 2015-2019 in East Asia (15°-55°N, 108°~155°E; Figure 2). We evaluated two eleva-
tion levels, 2-8 km and above 8 km. The boundary layer below 2 km, which is affected by high emissions from
airports, was not included in the assessment. The elevation level of 2—-8 km represents the height for aircraft
takeoff and landing, while above 8 km corresponds to normal flight, basically corresponding to the middle
troposphere and the upper troposphere, respectively. Compared to in situ inversions, OCO-2 inversions generally
displayed lower biases at either the 2-8 km (Figures 2a-2d) or above 8 km (Figures 2e—2h) height levels. The
exception is CT2019B, which assimilated partial CONTRAIL data, resulting in bias values that were lower than
those of both the CAMS in situ inversion at the 2—-8 km level and both satellite inversions at the above 8 km
level (Figures 2¢ and 2g). With the same inversion system, the CAMS satellite inversion exhibited substantially
lower bias values than the CAMS in situ inversion across the whole region (Figure 2b vs. Figure 2d, Figure 2f
vs. Figure 2h). Moreover, in southeastern China, we observed clearly lower biases for the OCO-2 inversions
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Figure 3. Mean annual distribution of China's carbon sink over 2015-2019. Note that in panel (a), the white area in the upper
left corner indicates missing values, which originates from the prior flux model setup for a desert area in northwest China.

compared to both in situ inversions at the above 8 km level (Figures 2e-2h). When examining the frequency of
biases (Figures 2i and 2j), the OCO-2 inversions exhibit bias values that are more concentrated to zero, while in
situ inversions either show larger positive biases or negative biases, especially for the 2—8 km level. These results
indicate that OCO-2 XCO, retrievals have imposed improved constraints on the regional carbon flux estimate in
East Asia.

3.2. Spatial Distributions of NBP Across China

We conducted an analysis of the spatial distribution of multi-year mean annual NBP in China over the period
2015-2019 (Figure 3). In general, the different OCO-2 inversions consistently identified the strongest annual
carbon sink in the southern region and the second largest sink region in the northeast (Figures 3a—3d). They also
indicated that most of the west, especially in the Qianghai-Tibet Plateau and northwest Xinjiang, is a carbon
source. The MIP inversions revealed a larger inter-model discrepancy in eastern China than in the other regions,
which is reduced substantially in the v10 MIP compared to the vO MIP (Figures 3e and 3f). In comparison to most
in situ CO, based inversions (Figure S3 in Supporting Information S1) and biosphere model simulations (Figure
S4 in Supporting Information S1), the spatial patterns revealed by the OCO-2 inversions show clear differences.
Regionally, the strongest annual carbon sink was found to be in the Trop-SMC and TempMC climate zones
(Figure 4a), mainly contributed by forests and crops, respectively (Figure 4b). Most OCO-2 inversions suggested
that PMC is a carbon source and TCC could be a small carbon source or carbon neutral (Figure 4a). The tundra
ecosystem is likely a carbon source, and the grass ecosystem could be a small carbon source or sink (Figure 4b).
Notably, in contrast with the OCO-2 inversions, the majority of in situ CO, based inversions and all biosphere
model simulations suggest that PMC and TCC are carbon sinks (Figures 4a, 4c, and 4¢), and the grass ecosystem
acts as important carbon sink (Figures 4b, 4d, and 4f). In addition, compared with the OCO-2 inversions, the
in situ inversions estimated much smaller carbon sinks in southern China or the Trop-SMC zone (Figure S3 in
Supporting Information S1 vs. Figure 3, and Figure 4c vs. Figure 4a), which coincides with their larger positive
biases of CO, concentration in southern China (Figures 2e—-2h).
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Figure 4. The contributions of China's annual carbon sink over 2015-2019 by different climate zones and ecosystems in
Orbiting Carbon Observatory 2 inversions (a, b), in situ inversions (c, d), and prior/TBM simulations (e, ). TropMC—
tropical monsoon climate; SMC—subtropical monsoon climate; PMC—plateau mountain climate; TCC—temperate
continental climate; and TempMC—temperate monsoon climate.

We also analyzed the spatial distribution of peak growing season (July—August) NBP in China averaged over
2015-2019 (Figure 5). The results indicated that the largest carbon sink is in the northeast within the TempMC
region, followed by the central region within the Trop-SMC region. This coincides well with China's main agri-
cultural areas in the Northeast Plain, the North China Plain, and the Middle-lower Yangtze Plain (see Figure 1).
The Northeast Plain has the largest carbon sink during peak growing seasons, possibly attributed to its fertile
black soil that benefits crop productivity. Overall, crops contribute the largest carbon sink, followed by forest
and grass ecosystems, which is distinct from the distribution of annual carbon flux. Notably, CAMS FT21r2 and
OCO-2 MIPs indicated a clear carbon source in part of the southwest (west Yunnan Province). Furthermore, the
east Qianghai-Tibet Plateau is identified as a carbon sink. In MIP inversions, the inter-model discrepancy has
been significantly reduced in the v10 MIP compared to the v9 MIP (Figures 5e and 5f), and this discrepancy is
much smaller than that observed in the annual distribution (see Figures 3e and 3f). Comparing the spatial distri-
butions of annual and peak growing season NBP, we observed that although most areas are carbon sinks during
the peak season, they are not on a yearly basis. It should be noted that the plausible peak growing season NBP
spatial patterns are not able to be consistently revealed by either in situ inversions (Figures S5 in Supporting
Information S1) or biosphere model simulations (Figure S6 in Supporting Information S1). When aggregating
into regions, we found that in the OCO-2 inversions, the TempMC region and crops contribute most significantly
to the carbon sink during peak growing seasons as observed in OCO-2 inversions (Figures 6a and 6b). However,
such dominance is not easily distinguished in most in situ inversions (Figures 6¢ and 6d) or biosphere model
simulations (Figures 6e and 6f).
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Figure 5. Mean peak growing season (July—August) distribution of China's carbon sink over 2015-2019.

3.3. Seasonal Cycles of NBP Across Climate Zones and Ecosystems

We analyzed the mean seasonal cycles of NBP estimated by the different OCO-2 inversions over 2015-2019 and
compared them with those by in situ inversions and prior/TBM simulations (Figure 7). The seasonal cycles of
the different OCO-2 inversions converge well over the entire domain of China (Figure 7a), with the peak carbon
sink occurring in July (about 0.30 PgC mon~!). The peak carbon sink is comparable to that of in situ inversions
(Figure 7b) but is clearly greater than that of prior/TBM simulations (about 0.20 PgC mon~!, Figure 7c). Moreo-
ver, the NBP seasonal cycles of the OCO-2 inversions converged clearly better than these of the in situ inversions.

When broken down into climate zones (Figures 8a—8d), the TempMC region on average exhibits the largest peak
NBP, with a value close to 0.15 PgC mon~!, followed by the Trop-SMC region, at around 0.10 PgC mon~!, accord-
ing to most inversions. In contrast, the PMC region has the smallest peak NBP, which is less than 0.02 PgC mon~!.
These zones appear to serve as carbon sources in winter and carbon sinks in summer. The Trop-SMC zone has
the longest period for carbon uptake (March—October) and a short period for carbon release, starting to act
as a carbon sink in the spring, while the PMC region only becomes a carbon sink in the summer. Generally,
the South (Trop-SMC) begins behaving as a carbon sink earlier than the North (TCC and TempMC), with the
Qinghai-Tibet Plateau (PMC) being the latest. Most regions (Trop-SMC, TCC, and TempMC) reach their peak of
carbon sink in July, while the PMC reaches its peak in August. Obviously, the peak carbon flux (carbon uptake)
of TempMC is generally larger than that of Trop-SMC. Additionally, among all climate zones, TempMC has
the largest negative carbon flux (carbon release). Across different climate zones, the various OCO-2 inversions
show good agreement, with the best coinciding results in TempMC and Trop-SMC, which are major carbon sink
regions. In comparison, the OCO-2 inversions were more consistent in TempMC, which is less uncertain than
other climate zones in the OCO-2 MIPs. Consistency was observed for the results of OCO-2 v9 MIP and OCO-2
v10 MIP over different regions. However, subregional-scale across-model consistencies are generally worse for
either in situ inversions (Figure S7 in Supporting Information S1) or biosphere model simulations (Figure S8 in
Supporting Information S1).

We also analyzed the mean seasonal cycles of NBP across various ecosystems revealed by the OCO-2 inversions
(Figures 8e—8h). The crops and forest ecosystems displayed a clear peak in NBP in July, with grass and tundra
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Figure 6. The contributions of China's peak growing season (July—August) carbon sink over 2015-2019 by different climate
zones and ecosystems in Orbiting Carbon Observatory 2 inversions (a, b), in situ inversions (c, d), and prior/TBM simulations
(e, ). TropMC—tropical monsoon climate; SMC—subtropical monsoon climate; PMC—plateau mountain climate; TCC—
temperate continental climate; and TempMC—temperate monsoon climate.

ecosystems peaking slightly later, with a broad peak between July and August. The former two ecosystems also
exhibited a longer carbon uptake period of more than 5 months, while the latter two have noticeably shorter
carbon uptake periods, about 4 months or less. Furthermore, the crop ecosystem displayed the greatest ampli-
tude of the seasonal cycle in NBP, followed by forest, grass, and tundra. Additionally, the grass and the crop
ecosystems showed a clearly greater amplitude for carbon release compared to the forest ecosystem during the
non-growing season. In contrast, the tundra ecosystem displayed relatively weak carbon sink capacity, serving
as a carbon sink only during the summer months, but acting as a carbon source over most of the year, exhibiting
a substantially larger amplitude for carbon release during the non-growing season than for carbon uptake during
the growing season. The different OCO-2 inversions demonstrated fairly good consistency across the four ecosys-
tems, particularly between v9 MIP and v10 MIP.

The OCO-2 inversions outperformed in situ inversions and biosphere model simulations in terms of inter-model
consistency for seasonal cycles at subregional scales, especially in the monsoon climate zones (TempMC and
Trop-SMC) and the forest and crops ecosystems (Figures S9 and S10 in Supporting Information S1).

3.4. Annual Total NBP and IAV Over 2015-2019

Figure 9 shows the total land NBP of China between 2015 and 2019. The GCAS OCO-2 inversion (0.34 PgC/
yr) and CAMS FT2112 (0.38 PgClyr) estimates are lower than the ensemble median of both OCO-2 v9 MIP
(0.57 +0.19 PgC/yr) and OCO-2 v10 MIP (0.47 + 0.16 PgC/yr). While the IAVs reflected by different atmospheric
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Figure 7. Multi-year mean seasonal cycles of net biome production for China

over 2015-2019 estimated by (a) Orbiting Carbon Observatory 2 inversions,
(b) in situ inversions, and (c) prior/TBM simulations. The thin lines in pink
and gray indicate individual v9 and v10 Model Inter-comparison Project
inversions, respectively. The light green lines mark Copernicus Atmosphere
Monitoring Service inversions in the two Model Inter-comparison Projects.

inversions were not exactly consistent with each other, they consistently
pointed to the weakest carbon uptake occurring in 2019 (Figure 9a). Most
individual inversions of the v10 MIP also revealed this carbon sink reduction
(Figure S11 in Supporting Information S1). This reduction is likely asso-
ciated with SM droughts that occurred in North China, the southwest, and
eastern China along the basin downstream of Yangtze River (Figure S12
in Supporting Information S1). However, the estimated NBP by most in
situ inversions (Figure 9b) and prior/TBM simulations (Figure 9c) did not
respond to the 2019 drought.

Notable reductions in TCC and TempMC were seen in monthly carbon
sink anomalies across climate zones for 2019, and in PMC and TCC for
2015 and 2016 (Figure 10), which may be attributed to the impact of the
2015/2016 EI Nifio event. Unlike the 2019 event, which caused noticeable
NBP reductions in almost all climate zones, the 2015/2016 El Nifio event
induced both reductions (e.g., PMC and TCC) and enhancements (e.g., in
Trop-SMC and TempMC) in NBP, largely offsetting each other and result-
ing in a near-neutral effect on the total carbon sink in China. These diver-
gent NBP variations may be associated with the changed SM status resulting
from the 2015/2016 El Nifio event, where PMC and TCC became drier while
Trop-SMC and TempMC became wetter (Figure S12 in Supporting Infor-
mation S1). By breaking down into ecosystems (Figure S13 in Supporting
Information S1), we found that the 2015/2016 El Nifio event only caused a
pronounced NBP reduction in the grass ecosystem, while periodical NBP
increases were found in the forest and crop ecosystems. During the 2019
drought, the reductions in annual NBP were mainly contributed by the crop
and grass ecosystems, which are usually the most drought-vulnerable ecosys-
tems (W. He et al., 2018a). Notably, the substantial NBP anomalies in the
TempMC and TCC climate zones that were dominated by crops and grass,
respectively, coincided reasonably well with the location of the drought in
2019 (see Figure 11). This drought also caused NBP anomalies in southern
China (Trop-SMC), which can be explained as either the inhibited vegeta-
tion biochemical or biophysical activities (Figures 11e and 11f). Moreover, it
should be noted that considerable uncertainties exist in these OCO-2 inver-
sions for both the multi-year mean NBP and its IAV of China in the period
of 2015-2019.

4. Discussion

4.1. The Size, Spatial Distribution, and Ecosystem Contribution of
China's Carbon Sink

The size of China's carbon sink remains a topic of ongoing debate. J. Wang
et al. (2020) estimated a large Chinese carbon sink of 1.11 + 0.38 PgCl/yr

over 2010-2016 using in situ CO, observations, which was later questioned by Y. Wang et al. (2022) due to the
major impact of one particular surface site: they provided a revised estimate at 0.39 PgC/yr after excluding that
site. Also, Schuh et al. (2022) pointed out a possible bias due to underestimated vertical mixing in certain atmos-
pheric transport models (GEOS-Chem vs. TMS5) over China. Our previous study (W. He, Jiang, Wu, et al., 2022)
also investigated this issue and found that the estimate by J. Wang et al. (2020) largely diverged from other
estimates by model simulations and atmospheric inversions, presenting an estimate between 0.34 and 0.43 PgC/
yr constrained by GOSAT XCO, and land surface variables. In this study, constrained by OCO-2 XCO, obser-
vations, we estimate a carbon sink of 0.34 PgC/yr over 2015-2019 by the GCAS OCO-2 inversion, while the
OCO-2 v10 MIP estimates a stronger carbon sink (about 0.47 + 0.16 PgC/yr, median =+ std.). These estimates
for the size of China's carbon sink are comparable with the in situ CO, based estimates (Table S2 in Supporting
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Figure 8. Multi-year mean seasonal cycles of net biome production for different climate zones and ecosystems of China over the period 2015-2019. The thin lines in
pink and gray indicate individual v9 and v10 Model Inter-comparison Project inversions, respectively. The light green lines mark Copernicus Atmosphere Monitoring
Service inversions in the two Model Inter-comparison Projects.

Information S1) and, but are clearly higher than most priors and lower than the ensemble mean of the TRENDY
models (Table S3 in Supporting Information S1).

Although considerable uncertainties exist in the size of China's land carbon sink, the spatial distributions inferred
by different inversions converge relatively well. For a long time, there was no consensus regarding the spatial
distribution of China's carbon sink, with some studies suggesting the largest carbon sink was located in the
southeast of China (Tian, Melillo, et al., 2011; Tian, Xu, et al., 2011), while some others suggested the southwest
had the largest carbon sink (J. Wang et al., 2020; Ye & Chuai, 2022). However, the various OCO-2 inversions
employed in this study suggest the largest carbon sink is present in southern China. This finding is consistent with
estimates made by Piao et al. (2009), Yu et al. (2014), Yao et al. (2018), and our previous estimates constrained
by either GOSAT XCO, or land surface variables plus in situ CO, observations (W. He, Jiang, Wu, et al., 2022).
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Figure 9. Annual net biome production of China over 2015-2019 estimated
by (a) Orbiting Carbon Observatory 2 inversions, (b) in situ inversions, and (c)
and prior/TBM simulations. The error bar indicates one standard deviation.
Note that the Copernicus Atmosphere Monitoring Service prior doesn't
contain interannual variability.

Our study further demonstrates that during the peak growing season, the larg-
est NBP occurs in the northeast followed by the other main agricultural areas,
which is in agreement with the distribution of China's main crop planting
areas. This pattern is similar to that observed in the U.S., where the largest
peak growing season carbon uptake takes place in the Corn-Belt agricultural
area (Guanter et al., 2014; W. He et al., 2018b, 2021; Hilton et al., 2017;
Peters et al., 2007; Schuh et al., 2013; W. Sun et al., 2021).

In terms of ecosystem contribution, our study suggests China's terrestrial
carbon sink is mainly contributed by forests and crops, while other ecosys-
tem types act as carbon sources on an annual basis. Our estimates agree with
most previous estimates on the large contribution of the forest ecosystem,
but present a clearly lower proportion (on average 61.35%) than the 80%
reported by Fang et al. (2018) based on a field survey. We estimate a higher
contribution by crops (on average 45.23%), while Fang et al. (2018) reported
only 12%. This discrepancy in crops originates from methodological differ-
ences between the estimates: a bottom-up soil organic carbon inventory by
Fang et al. (2018) and top-down atmospheric inversions by this study. The
inversions do not reflect carbon lateral transport from the crop area to other
regions due to food trade, which represents a gross carbon sink for crops. The
roles of grass and tundra as a carbon sink or source are still up for debate
(Yang et al., 2022). We estimate the tundra ecosystem as a weak carbon
source, whereas Fang et al. (2018) estimated it as a carbon sink, contribut-
ing to about 8% of total China's terrestrial carbon sink. A number of eddy
flux observation studies have reported persistent carbon emissions in thawing
permafrost regions of the tundra over many years (Celis et al., 2017; Schuur
et al., 2021), where the tundra ecosystem was mainly distributed. In addition,
Fang et al. (2018) reported that the grassland ecosystem is basically a carbon
neutral or weak carbon source during the period 2001-2010, which is in line
with our estimate. In this regard, more observations are needed for a better
understanding of the carbon function of the tundra ecosystem in China.

4.2. Improvements in the Understanding of China's Land Carbon Sink
Over In Situ CO, Inversions and Biosphere Model Simulations

The OCO-2 XCO, inversions show certain improvements over the in situ
CO, inversions and biosphere model simulations in China's land carbon sink
estimation, including improved spatial distributions and seasonal cycles and
more plausible IAV.

First, different OCO-2 inversions agree well with each other on the spatial pattern of annual and peak growing

season NBP, while in situ CO, based inversions (Figures S3 and S5 in Supporting Information S1) and biosphere

model simulations (Figures S4 and S6 in Supporting Information S1) do not. The OCO-2 inversions are also

much more consistent across different climate zones and ecosystems (see Figures 4 and 6). In terms of annual

total carbon fluxes, in contrast to the OCO-2 inversions, the in situ inversions do not consistently show a larger

carbon sink in Trop-SMC than in TempMC and only one of the six inversions indicates a carbon source in PMC.

Furthermore, the tundra and grass show a carbon source in the OCO-2 inversions while not in either the in situ

inversions or the prior/TBMs simulations. During peak growing season, the in situ inversions and the prior/TBMs

simulations indicate similar patterns to the OCO-2 inversions, both showing the largest NBP in Trop-SMC and

the second largest in TempMC, despite considerable discrepancies among the various estimates. Consistent with

the OCO-2 inversions, most in situ inversions also reveal a carbon source in part of the southwest (west Yunnan
Province). One clear difference is CAMS v20r2, which reveals an unreasonable carbon source in the southeast
(see Figure S5 in Supporting Information S1), as seen in its prior stemmed from the ORCHIDEE model and
the TRENDY v9 model ensemble (Figure S6 in Supporting Information S1), but is diminished in the OCO-2
inversions. The spatial distributions of the largest annual and peak growing season NBP coincide well with the

HEET AL.

14 of 21



Ay
AUV
ADVANCING EARTH

AND SPACE SCIENCES

Journal of Geophysical Research: Atmospheres 10.1029/2022JD037773

(@) o6 (b) o3
04 02 PMC
S 02 S 01
E . E . [ y e, X / ) 4
E’ 0.0 § 0.0{ sl g {\f e
—=-0.2 —=-01
& &
Z-04 Z 0.2
3 3
063015 2016 2017 2018 2019 2020 32015 2016 2017 2018 2019 2020
(©) o3 (d) os
T 02 TCC =04 TempMC
c c
S 01 o 02
O 0.0 ,A"fﬁ‘ -\f‘&,;:‘/\\[\.- O 0.0
/ X [e)]
[= 8
—=-01 —-02
[aa] — - —— -
Z-02 %3 0.4 GCAS 0CO-2 0CO-2 v9 MIP
< < —— CAMS FT21r2 —+— 0CO0-2 v10 MIP
“03%015 2016 2017 2018 2019 2020 082015 2016 2017 2018 2019 2020
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Figure 11. Spatial pattern of net biome production anomalies (ANBP) and soil moisture (SM) anomalies (ASM) in the
summer-autumn time (June—November) of 2019 estimated by the Orbiting Carbon Observatory 2 (OCO-2) inversions. The
anomalies were calculated as the normal values subtracting the multi-year mean values over the study period. The ensemble
median of the OCO-2 v10 Model Inter-comparison Project inversions was used. The Z-score of the satellite variables (SM,
SIF, and leaf area index) was calculated as SV, . .. = (SV = SV__ /SV_,, where the mean and std were calculated over the
period 2015-2019.
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distributions of forest and crops respectively. Interestingly, the OCO-2 inversions have revealed a large carbon
source in the Qinghai-Tibet Plateau area, which has not been detected by either the in situ inversion or biosphere
model simulations. Because of climate warming, this region experiences enhanced surface carbon uptake while
increased carbon emission due to accelerated permafrost degradation and ecosystem respiration. Because the
vegetation in this region is less productive, the surface carbon sink is quite limited. In comparison, the carbon
emission from accelerated permafrost degradation could be large. Thus, the “seen” large carbon source from
OCO-2 is possible. However, because very little CO, data in China is available, this emission signal has not been
detected by the in situ observations. Regarding TBMs, it is even more difficult for them to accurately simulate the
carbon emitted through non-biogenic activity.

Second, in terms of seasonality, compared to the different in situ inversions (Figure 7a, Figure S7 in Support-
ing Information S1) and prior/TBM simulations (Figure 7b, Figure S8 in Supporting Information S1), clearly
improved consistency on the seasonal cycle at sub-regional scales (i.e., over various climate zones) is found with
the OCO-2 inversions. For example, the seasonal cycle phase of Trop-SMC and the seasonal cycle amplitude of
PMC become more consistent. The TRENDY ensemble estimate appears to have an obviously flatter seasonal
variation (Figure 7b) and distinct seasonal cycle phases from other models at subregional scales (e.g., in Trop-
SMC and TCC, see Figure S8 in Supporting Information S1) with noticeable double peaks in Trop-SMC. The
discrepancies in seasonal cycle phases (e.g., in Trop-SMC, in Figures S7 and S8 in Supporting Information S1)
could be explained by the different spatial distributions of the peak growing season NBP (Figures S5 and S6 in
Supporting Information S1) in the TRENDY ensemble and the prior of CAMS v20r2 compared to the OCO-2
inversions. In addition, the multi-year mean seasonal cycle of NBP from the OCO-2 inversions correlates highly
with that of vegetation variables (SIF and LAI), which is generally higher than in situ inversions and equivalent
to or slightly higher than prior simulations by the various inversion systems (Figure S10 in Supporting Informa-
tion S1). It keeps high correlations at subregional scales while not always for in situ inversions or biosphere model
simulations, indicating some improvements in OCO-2 XCO, based inversions for recovering the true seasonal
cycle of NBP.

Third, the OCO-2 inversions reveal more plausible IAV over the study period. They are able to indicate an annual
NBP reduction in 2019 when a severe seasonal drought (Ma et al., 2020) led to SM deficiency (see Figure S12 in
Supporting Information S1) and carbon uptake reduction (Figure 11). This NBP reduction was found in most of
the OCO-2 v10 MIP individual estimates (Figure S11 in Supporting Information S1). However, we found most in
situ inversions (Figure S14 in Supporting Information S1) and prior/TBM simulations (Figure S15 in Supporting
Information S1) performed relatively poorly in capturing the impact of the 2019 drought on NBP. The ability of
OCO-2 inversions in indicating drought impacts could relate to data coverage. Compared to discrete and sparse
in situ CO, observations, the satellite XCO, observations should be better at capturing spatial details of carbon
flux disturbance caused by climate changes. It is very challenging for the current in situ based global inversion
systems to capture regional drought impacts due to the very limited in situ CO, observations (1-2 sites) having
been assimilated (W. He, Jiang, Wu, et al., 2022). Our analyses in this study offer important evidence supporting
that OCO-2 inversions have a good capacity in capturing regional drought impact on land carbon sinks, which has
also been reported in our recent study about the European droughts (W. He et al., 2023).

4.3. Uncertainties in OCO-2 XCO, Inversions and Future Work

Despite the improvements mentioned in Section 4.2, the individual models still face considerable uncertainty.
Concerning the total carbon sink, the OCO-2 v9 MIP and OCO-2 v10 MIP exhibit considerable spreads among
the different inversions in the MIPs. Meanwhile, the GCAS OCO-2 inversion and CAMS FT21r2 inversion fall
within the range of the MIP inversions but on the lower limit (Figure 9). The variations between the OCO-2 XCO,
inversions may arise from XCO, retrieval uncertainties, transport models (Basu et al., 2018; Schuh et al., 2019),
prior biosphere fluxes (Philip et al., 2019; L. Zhang et al., 2023), imposed component fluxes, error models, and
inversion system configurations. The uncertainty of XCO, retrievals is fundamentally critical in determining
the sensitivities of XCO, variations to biosphere fluxes. In addition, transport model uncertainties needed to be
accounted for: it was reported that the estimates between two kinds of transport models (i.e., GEOS-Chem vs.
TMD) differ as large as 0.7 PgC/yr in China in the OCO-2 v9 MIP (Schuh et al., 2022).

Here we highlight the importance of model intercomparison for inversions focusing on regional carbon budg-
ets, such as the RECCAP-II initiative (Ciais et al., 2022) and the EUROCOM project (Monteil et al., 2020). In
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the future, an inverse model intercomparison campaign focusing on the Chinese carbon sink estimate would be
useful. This could be enhanced through close cooperation with international research groups, such as the OCO-2
MIP Science Team. Both the in situ CO, data and the satellite XCO, data (OCO-2 XCO,) should be employed to
understand uncertainties due to data sources (possible uncertainties in XCO, retrievals). In addition, it is crucial
to allocate sufficient resources toward establishing reasonable prior biosphere fluxes. This is particularly impor-
tant for estimating carbon fluxes at a fine scale and in regions where CO, observations are limited. Conduct-
ing intercomparison efforts like this would help to better comprehend the uncertainties associated with inverse
models as mentioned above.

5. Conclusions

We have investigated the constraints imposed by OCO-2 XCO, retrievals on the recent terrestrial carbon exchange
over China, using an ensemble of OCO-2 inversions. The main findings are as follows:

1. Different OCO-2 inversions consistently reveal that the largest annual carbon sink is in the south of China,
while the greatest carbon sink in the peak growing season is in the northeast and other main agricultural areas;
this is consistent with the distribution of main forests and crops, respectively.

2. The OCO-2 inverse model amplitude of the seasonal cycle of NBP is obviously larger than bottom-up biosphere
model simulations, and slightly greater than in situ inversions. More importantly, the seasonal cycle of the
OCO-2 inversions appears to be plausible and informative across climate zones and ecosystems, with improve-
ments in cross-model consistency and better correlations with multi-year mean seasonal cycles of SIF and
LALI at a sub-regional scale compared to an ensemble of in situ inversions and biosphere model simulations.

3. The estimated NBP in China for 2015-2019 is between 0.34 PgC/yr (GCAS inversion) and 0.47 + 0.16 PgC/
yr (median + std, OCO-2 v10 MIP); an ability to indicate the impact of climate extremes on NBP interannual
variations is shown. A strong carbon sink reduction appears in 2019 due to drought impact, which is largely
contributed by the grass and crop ecosystems that are mainly located in the TCC zone and the temperate
monsoon climate zone.

Our results suggest that the assimilation of OCO-2 XCO, retrievals is effective in improving our understanding
of the spatiotemporal characteristics of the terrestrial carbon balance at regional scales.

Data Availability Statement

The GCAS v2 carbon fluxes are publicly available in the Zenodo repository (W. He, Jiang, & Ju, 2022). The CAMS
carbon fluxes are available in the Copernicus Data Store (Copernicus Atmosphere Monitoring Service, 2022).
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(NOAA/ESRL Global Monitoring Laboratory, 2022). The CarbonTracker 2019B carbon flux data are publicly
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Zenodo repository (J. Liu et al., 2021; R. Liu et al., 2021). The GLASS FAPAR is publicly available on the offi-
cial website for the GLASS project (Liang et al., 2020). The GLEAM v3.5 surface SM is publicly available on
the official website for the GLEAM project (Martens et al., 2021). The CSIF v2 data is publicly available in the
OSF repository (Y. Zhang, 2022).
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