
1.  Introduction
Terrestrial ecosystems and oceans absorb about half of anthropogenic carbon emissions (Friedlingstein 
et al., 2020), slowing down the increase of CO2 in the atmosphere and thus mitigating climate change. Accurate 
estimation of terrestrial carbon sinks and sources is an indispensable step to understand the status and the poten-
tial of their roles in regulating climate change. As a major way of constraining terrestrial carbon flux estimates 
with observations over large scales, top-down atmospheric inversion infers carbon fluxes from atmospheric CO2 
mole fraction observations and a priori flux, which can effectively reduce the uncertainty of carbon flux estimates 
(Thompson et al., 2016). At the global or hemisphere scale, the carbon flux estimates from various atmospheric 
CO2 inversions are in relatively good agreement, but at continental or regional scales, the agreement is greatly 
weakened due to errors in either inversion methods or observational data (Baker et al., 2006; Deng & Chen, 2011).

In situ CO2 observations have been widely used in past atmospheric CO2 inversions (Baker et al., 2006; Deng & 
Chen, 2011; Gurney et al., 2002; Jiang et al., 2013; Monteil et al., 2020; Peylin et al., 2013). Due to the uneven 
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distribution of global surface CO2 observations, relatively consistent results can be obtained in places where 
observations are densely distributed, for example, Europe and North America (N. America). However, inver-
sion results have high uncertainty in areas with low observation density (Maksyutov et al., 2013). The uneven 
distribution of observations leads to great differences in the capability of inversions to constrain the land carbon 
cycle in different regions (Gurney et al., 2002). Remotesensing-based CO2 measurements provide global cover-
age with high spatial resolutions (Baker et al., 2010). Many studies have estimated regional carbon sources and 
sinks using column averaged dry air mole fractions of CO2 (XCO2) from GOSAT and OCO-2 satellites (Baker 
et  al.,  2010; Basu et  al.,  2013; Byrne et  al.,  2020; Chevallier et  al.,  2014,  2019; Crowell et  al.,  2019; Deng 
et al., 2014; Houweling et al., 2015; Jiang et al., 2021; Wang et al., 2018, 2019, 2022), boosting the possibility 
of better constraining the carbon cycle at finer spatial scale (Byrne et al., 2019). The GOSAT intercomparison 
study from Houweling et  al.  (2015) found that robust estimates could be obtained at large global scale, but 
at the TRANSCOM regions, the different inversions differed significantly. Chevallier et  al.  (2019) compared 
surface-based and satellite-based inversions and found large differences in annual fluxes between GOSAT-based 
and surface-based estimates at subcontinental scales. In Addition, although remotesensing observations provide 
improved spatial coverage, the choice of different XCO2 retrieval algorithms can lead to different results (Takagi 
et al., 2014). Byrne et al. (2019) explored the spatial scales of interannual variability of net ecosystem exchanges 
(NEE) constrained using GOSAT XCO2, giving correlations between interannual variability at different scales 
and multiple “proxies,” but the spatial scales at which the inversion results are robust remain unclear.

Here, we assimilate the latest GOSAT XCO2 observations using the time-dependent Bayesian synthesis method 
(“Method”) to optimize terrestrial ecosystem carbon exchange (NEE) of 51 land regions (Figure S1a in Support-
ing Information S1) from multiple TBMs. The inversion is from May 2009 to 2014, the first 20 month-period is 
treated as the spin-up stage, and the inversion results from 2011 to 2014 were analyzed in this study. NEEs simu-
lated from 12 TBMs were used as prior fluxes within the same atmospheric inversion framework and constrained 
with the same observations to explore on what scales the GOSAT XCO2 retrievals can provide robust NEE 
estimates.

2.  Methods
2.1.  Inversion Method

We use the time-dependent Bayesian synthesis method (Rayner et al., 1999), and the GOSAT XCO2 retrievals, to 
estimate global surface CO2 net fluxes. The key to this method is to minimize the following cost function (Rayner 
et al., 1999):

𝐽𝐽 =
1

2
(𝑀𝑀𝑀𝑀 − 𝑐𝑐)

𝑇𝑇
𝑅𝑅−1(𝑀𝑀𝑀𝑀 − 𝑐𝑐) +

1

2
(𝑠𝑠 − 𝑠𝑠𝑝𝑝)

𝑇𝑇
𝑄𝑄−1(𝑠𝑠 − 𝑠𝑠𝑝𝑝)� (1)

where M is the transport operator; c is the observations; s is the vector of carbon flux combined with initial 
well-mixed atmospheric CO2 concentration; sp is a priori estimation of s; and R and Q are the uncertainties of c 
and sp, respectively. By minimizing this cost function, the posterior fluxes spost and their uncertainties Qpost could 
be obtained as:

𝑠𝑠post =
(

𝑀𝑀𝑇𝑇𝑅𝑅−1𝑀𝑀 +𝑄𝑄−1
)−1(

𝑀𝑀𝑇𝑇𝑅𝑅−1𝑐𝑐 +𝑄𝑄−1𝑠𝑠𝑝𝑝
)

� (2)

𝑄𝑄post =
(

𝑄𝑄−1 +𝑀𝑀𝑇𝑇𝑅𝑅−1𝑀𝑀
)−1� (3)

The global surface is separated into 69 regions, including 51 regions for land, and 18 regions for ocean (Figure 
S1a in Supporting Information S1). The partition scheme of land was adopted from Wang et al.  (2021). The 
bias-corrected GOSAT ACOS V9 XCO2 for the years 2009–2014 is adopted as observations (O'Dell et al., 2018; 
Taylor et al., 2022; Wunch et al., 2017), and has been re-grided to 1° × 1° by Jiang et al. (2021) with the best 
quality approach (Wang et al., 2019).

Four types of a priori carbon fluxes were used in the inversion, namely terrestrial ecosystem carbon flux (NEE), 
ocean (OCEAN) carbon exchange, fossil fuel and cement production (FFC) carbon emissions, and biomass 
burning (FIRE) carbon emissions. The OCEAN flux, FFC and FIRE emissions were adopted from the product 
of NOAA's CarbonTracker, version 2017 (CT2017). In many offshore areas, the OCEAN fluxes are missing, 
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we filled them with the fluxes of 2009 simulated by the global ocean circulation and biogeochemistry model 
(OPA-PISCES–T) (Buitenhuis et  al., 2006; Jiang et  al., 2013). The prior NEE fluxes were obtained from 12 
TBMs, including BEPS (Chen et al., 1999; Ju et al., 2006), CASA (Potter et al., 1993), and 10 models from 
TRENDYv9 (Friedlingstein et al., 2020) (i.e., CABLE-POP (Haverd et al., 2018), DLEM (Tian et al., 2015), ISAM 
(Meiyappan et al., 2015), LPX-Bern (Lienert & Joos, 2018), OCN (Zaehle & Friend, 2010), ORCHIDEE (Lurton 
et al., 2020), ORCHIDEEv3 (Vuichard et al., 2019), SDGVM (Walker et al., 2017), VISIT (Kato et al., 2013), 
YIBs (Yue & Unger, 2015)). BEPS is a remotesensing-based TBM, which was driven by the LAI and clumping 
index products from MODIS. In this study, the BEPS simulations were adopted from Jiang et al. (2021). The 
CASA simulations were also derived from CT2017. There are 20 TBMs in TRENDYv9 S3 simulations, we 
selected the simulations with spatial resolution greater than 1° × 1°.

The transport operator M is simulated using the Model for Ozone And Related chemical Tracers, version 4 
(MOZART-4) (Emmons et al., 2010). The MOZART-4 model was run at a spatial resolution of approximately 
2.8° × 2.8° (128 × 64 grids), and 28 vertical layers. It was driven by the ERA-Interim reanalysis data obtained 
from the European Centre for Medium-Range Weather Forecasts (Dee et  al.,  2011). Using MOZART-4, we 
calculated the contributions of each month and each region to the XCO2 at each grid and time. Following Jiang 
et al. (2013), for each month and each region, the model is continuously run for 3 years, with 1 Pg carbon emitted 
in the first month and no emission in the months thereafter. The spatial distribution of emissions within each land 
region was assigned according to the multi-year averaged net primary production (NPP), for the ocean region, 
no distribution was considered. The background CO2 concentration was set to 390 ppm, which is the average 
concentration of April and May 2009 observed at the global background station of Mauna Loa (Ed Dlugokencky 
and Pieter Tans, NOAA/GML (gml.noaa.gov/ccgg/trends/)). The OCEAN flux, FFC and FIRE emissions were 
assumed to be prescribed, and the CO2 concentrations contributed from these three types of fluxes were also 
simulated using the MOZART-4 model. Details about the calculation of the XCO2 contributions from each month 
and each region is given in Text S1 in Supporting Information S1. In order to save computational costs and reduce 
the size of the transport matrix M, the observations and the variables corresponding to the observations were 
rescaled to a resolution of 15° × 15° per month in this study.

For the uncertainties of prior fluxes, we assumed a global land uncertainty of 2.0 PgC yr −1, which was distrib-
uted to different regions based on a multi-year average annual NPP from the CASA model (Potter et al., 1993). 
Considering that NPP is very small in winter and large in summer, assigning uncertainty exactly according to 
the monthly variation in NPP would result in little uncertainty in winter, so we adopted the scheme of averaging 
NPP with and without monthly variation and using this result to assign uncertainty. In addition, we fixed the 
lowest monthly uncertainty of each region to 0.1 PgC. The annual uncertainty of global land is within the range 
of previous studies (Baker et al., 2006; Basu et al., 2013; Deng & Chen, 2011; Houweling et al., 2004; Rodenbeck 
et  al.,  2003). We neglected the temporal and spatial correlation of the prior flux uncertainties. According to 
Wang et al. (2019), the observation error over a 15° × 15° grid for each month is 1.9 times of the average of 
the retrieval  errors provided by the GOSAT product within that grid, but its minimum value was set to 1 ppm 
(Detailed in Text S2 in Supporting Information S1). For the inversion results, May 2009–December 2010 is taken 
as the spin-up phase, and only the inversion results from 2011 to 2014 are analyzed and discussed.

We performed four sensitivity experiments using different a priori flux uncertainty (Case Q), observation error 
settings (Case R), and observations aggregations (Case A10 and Case A5). For Case Q, the prior uncertainty of 
each land region was set to be the standard deviation of the 12 prior NEEs (Philip et al., 2019). Case R ignores the 
difference in observation errors, setting the observation error uniformly at 0.5 ppm, which may be the accuracy 
goal for future satellite observations (Sierk et al., 2021), and then scaling them up by a factor of 1.9. To investigate 
the impact of observations number on the inversion results, Case A10 and Case A5 were conducted, in which 
the XCO2 observations were aggregated into 10° × 10° and 5° × 5° grids, respectively (Detailed in Table S1 in 
Supporting Information S1).

2.2.  Evaluation Data and Method

In this study, surface CO2 observations from the CO2 GLOBALVIEWplus v7.0 ObsPack data set (Cox et al., 2021) 
were used for independent evaluations. We selected 168 sets of discrete (flask), and quasi-continuous (in situ) 
measurements at surface and tower with observations start date earlier than 2011, and stop date later than 2014. 
Of these, there are 34, 37, 75, 4, 9, and 9 sets of records available for Asia, Europe, North America, S. America, 
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Africa, and Oceania, respectively. In addition, in Asia, the ObsPack observations are mainly distributed in the 
middle and high latitudes. Therefore, we further chose the observations from the Comprehensive Observation 
Network for Trace gases by Airliner (CONTRAIL) project (Machida et al., 2008; Machida et al., 2019 (Refer-
ence date: 2021/10/29); Matsueda et al., 2008; Matsueda et al., 2015), to evaluate the posterior CO2 over South-
east Asia. The CONTRAIL project measures CO2 concentrations on several Boeing aircrafts along their flight 
paths. Vertical profiles of CO2 concentrations near airports were observed during the taking off and landing. We 
selected observations between 2000 and 6,000 m heights, since the CO2 concentrations below 2,000 m could be 
highly influenced by airport pollution, and above 6,000 m CO2 are fully mixed. At the heights of 2,000–6,000 m, 
every 500 m was divided into one layer, and in each layer, the observations were averaged and compared with 
the simulations.

Two forward simulations from May 2009 to December 2014 using the MOZART-4 model and the prior and poste-
rior fluxes of the 12 TBMs were conducted to create prior and posterior CO2 concentrations, respectively. The initial 
field at 00:00 UTC 01 May 2009 was obtained from the reanalysis concentration of Carbon Tracker CT2019B 
(CT2019B) (Jacobson et al., 2020). The mean deviation (BIAS) and root mean square error (RMSE) were used as 
reference indicators for the evaluation results. The monthly mean BIAS and RMSE at each continent were calculated.

3.  Results
3.1.  Uncertainty Reductions on Different Spatial Scales

As mentioned in Methods, 12 TBMs were used as prior fluxes. The NEE of these 12 TBMs has large differences. 
On the global scale, the mean annual NEEs from 2011 to 2014 are in the range of −2.66 (CASA model) to −9.97 
(LPX-Bern model) PgC yr −1 (Figure S2 in Supporting Information S1). We treat the standard deviation of the 12 
TBMs' NEE as the 1-σ uncertainty and the mean of the 12 TBMs as the best estimate of NEE for one region. To 
explore the spatial scales at which GOSAT XCO2 retrievals can provide robust NEE estimates, we analyze the rela-
tive prior uncertainty and uncertainty reduction rate (URR) after constraints at the global scale, the hemispheric 
scale (northern mid to high latitudes, tropical latitudes, southern middle latitudes), the continental scale, the half 
of continental scale (1/2 continent), the quarter of continental scale (1/4 continent), and small regions. The defini-
tion of the hemispheric scale and the latter three scales is given in Figure S1b–S1d in Supporting Information S1.

Figure 1 shows the relative uncertainties of the prior and posterior NEEs and their URRs after constraint using 
GOSAT XCO2 on different spatial scales. Clearly, the relative prior uncertainty increases with decreasing spatial 
scale. On the global scale, the relative prior uncertainty is about 40%; on the continent, 1/2 continent, and 1/4 
continent scales, the mean relative prior uncertainties are 47%, 53%, and 54%, respectively. On small regions (51 
regions for global land, same thereafter), the mean relative prior uncertainty reaches 61%, with a range from 29% 
to 345%, and Figure S3 in Supporting Information S1 presents relative prior uncertainty views for small regions. 
The continent-scale relative prior uncertainty ranges from 36% to 88%.

After being constrained by the GOSAT XCO2 retrievals, the uncertainty of the posterior NEE is substantially 
reduced. We find that the URR is significantly related to the spatial scale. The larger the spatial scale, the larger 
the URR, and vice versa. From the whole globe to the mean of 51 regions, the URR decreases from 95% to 16%. 
On the continental scale, the mean URR is 57%. N. America has the largest URR, with a value of 81%, followed 
by Asia (73%), S. America (58%), Africa (48%), and Australia (42%), and Europe has the smallest URR, with 
a value of only 39%. On small regions, posterior uncertainty decreased in most regions (0%–54%), except for 
6 regions (located in northern Asia, eastern North America, Amazonia, and Southeast Asia) where posterior 
uncertainty increased to some extent (3%–43%), which may be related to the settings of prior uncertainty and 
observation errors (Figure S4 in Supporting Information  S1). Moreover, the relative posterior uncertainty is 
lower than the prior on global to ¼ continental scales, while in small regions, the relative posterior uncertainty 
outweighs the prior. This suggests that the GOSAT XCO2 retrievals can constrain the terrestrial's NEE well at the 
continental scale, but has limited ability to constrain carbon fluxes at subcontinental or smaller scales, implying 
that the inversion results on sub-continental scales are highly related to the adopted prior NEE.

3.2.  Annual and Seasonal Cycles of NEE on the Continental Scale

As mentioned above, on the continental scale, the posterior fluxes converge significantly. For prior fluxes, in Asia, 
N. America, Europe, S. America, Africa, and Australia, their averaged NEEs during the study period from the 12 
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TBMs are in the range of −0.25 to −3.27, −0.13 to −1.76, −0.24 to −1.26, −0.29 to −1.62, −0.31 to −2.14, and 
−0.01 to −0.69 PgC yr −1, with mean of −2.00 ± 0.91, −0.99 ± 0.50, −0.70 ± 0.34, −1.10 ± 0.40, −1.20 ± 0.58, 
and −0.23 ± 0.20 PgC yr −1, respectively. After constraining using XCO2 retrievals, we obtain the mean NEEs of 
−2.07 ± 0.25, −0.85 ± 0.09, −0.76 ± 0.21, −0.36 ± 0.17, −0.36 ± 0.30, and −0.15 ± 0.11 PgC yr −1, respectively 
(Table S2 in Supporting Information S1).

We further explore whether the seasonal cycles of continental-scale NEE also converged significantly. As shown 
in Figure 2, for the prior fluxes, the monthly NEEs of different TBMs vary largely in all continents. In Asia, 
Europe, and N. America, although all models show strong land carbon sinks in warm seasons (May–September), 
and clear land carbon sources during the cold seasons, however, the seasonal magnitudes vary significantly 
across models, which are in the range of 0.39–2.88 PgC mo −1, 0.29–1.41 PgC mo −1, and 0.17–1.92 PgC mo −1, 
respectively, with corresponding mean seasonal magnitudes of 1.34 ± 0.62, 0.81 ± 0.26, 0.96 ± 0.44 PgC mo −1. 
Moreover, in Africa, S. America, and Australia, the different TBMs show very inconsistent seasonal cycles. For 
example, in Australia, some models show carbon sinks from April to October, some models show the opposite, 

Figure 1.  Uncertainty at different scales and terrestrial carbon sink on the continental scale. (a) Relative uncertainties of the 
prior and posterior fluxes and uncertainty reduction rates after constrained using GOSAT XCO2 in different spatial scales, 
and (b) annual prior and posterior net ecosystem exchanges (NEEs) on the global and continental scales. The uncertainty is 
depicted as the standard deviation of the simulated NEEs by the 12 terrestrial biosphere models.
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and there are individual models that show carbon sinks throughout the year. The mean seasonal magnitudes of 
Africa, S. America, and Australia are 0.38 ± 0.13, 0.51 ± 0.29, and 0.19 ± 0.16 PgC mo −1, respectively.

For the posterior fluxes, the seasonal cycles of different TBMs are in a narrow spread. Compared to the prior 
magnitudes, the posterior magnitudes have increased in Asia, N. America, Europe, and Africa, with Africa in 
particular more than doubling, while in S. America and Australia, they have decreased. The mean seasonal magni-
tudes of Asia, N. America, Europe, Africa, S. America, and Australia are 1.33 ± 0.27, 1.10 ± 0.16, 0.92 ± 0.16, 
0.31 ± 0.08, 0.45 ± 0.11, and 0.16 ± 0.11 PgC mo −1, respectively. Uncertainties of their magnitudes are reduced 
by a range from 15% to 64%. In addition to more unified amplitudes, basically, all TBMs also present a consistent 
phase in their seasonal cycle. Particularly, in the prior NEEs, there are individual models whose results deviate 
significantly from others. For example, in Asia, North America, and Europe, one model shows neutral results in 
summer, and in S. America and Australia, there is a model showing abnormally high sources in June-October. 
After constraint by GOSAT observations, these anomalies of individual patterns disappear.

When comparing the multi-model mean prior and posterior seasonal cycles, in Asia, Europe, North America and 
Australia, the posterior seasonal cycle is consistent with the prior results, but the carbon sink is stronger in summer 
and the carbon source is stronger in autumn. In Africa, South America, and Australia, the posterior and prior seasonal 
cycles are quite different. In Africa, the prior NEEs show carbon sinks throughout the year, with the strongest carbon 
sinks in July–August and the weakest sinks in February and November; while the posterior NEE shows that there 
are significant carbon sources from October to December, and the strongest carbon sinks in August–September. In 
South America, the prior NEEs show a unimodal distribution, with the strongest sink and source in January and 
September, respectively; but the posterior results show that the month with strongest source appear in October.

3.3.  Evaluation for the Inversion Results

We evaluated the inversion results using independent surface CO2 observations over the globe. Figure 3 shows the 
continental averaged monthly mean observed CO2 concentrations and the 12 TBMs averaged prior and posterior 
CO2 concentrations. Compared to the prior CO2 concentrations, except for Asia, the posterior concentrations are 
much closer to the observed values over all continents. The RMSE between the observations and simulations 
in Europe, N. America, S. America, Africa, and Australia decrease from a priori of 2.15, 2.37, 2.22, 1.77, and 
1.58 ppm to a posteriori of 1.60, 1.50, 0.81, 0.53, and 0.61 ppm, respectively, with reduction rates of RMSE in the 
range of 26% ∼ 70%. For the individual models (Figure S5 in Supporting Information S1), the BIAS and RMSE 

Figure 2.  Averaged prior and posterior seasonal cycle of net ecosystem exchange (NEE) in different continents during 2011–2014. The lighter lines correspond to the 
NEEs of different terrestrial biosphere models, and the darker lines represent the multiple models mean.
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of the posterior CO2 are also lower than those of the prior CO2 for almost all models and in all the continents. 
Generally, the prior CO2 of the LPX-Bern, ORCHIDEE, ORCHIDEEv3, SDGVM, and VISIT models have larger 
RMSE and BIAS than the other models in all continents. After being constrained with XCO2 data, the posterior 
CO2 RMSE of these five models are similar with those of the others. In Asia, for the prior CO2 concentrations, 
there are about half of the models with negative biases, and the rest with positive biases, with values in the range 
of −3.19 ∼ 5.56 ppm, which results in a very small BIAS in the mean prior CO2 of 0.17 ppm, while for the poste-
rior CO2, almost all models have small positive biases, with values in the range of −0.07 ∼ 2.68 ppm and average 
bias of 1.23 ppm. In Southeast Asia, compared with the aircraft observations, the prior CO2 have large negative 
bias (about −2.5 ppm), while the posterior CO2 have a much smaller bias, with a value about −0.5 ppm (Figure  S6 
in Supporting Information S1). This indicates that the inversion results in Asia of all TBMs are also improved.

It can be found that the posterior CO2 in Asia agrees well with the observation in summer, but in winter, the poste-
rior concentration is higher than the observation, indicating that the carbon source in Asia was overestimated in 
winter. Although the posterior concentrations in N. America and Europe match the observations better overall, 
similar characteristics to Asia were observed, that is, the differences between the posterior concentrations and 
the observations are greater in winter than in summer, suggesting it might be caused by difficulties representing 
transport in the stable boundary layer in winter (Figure S7 in Supporting Information S1).

4.  Discussion and Conclusion
With NEEs from 12 different TBMs, our work produces a robust estimate at the continental scale using GOSAT 
XCO2, with very consistent annual mean carbon fluxes and seasonal cycles. The assessment of the results by 

Figure 3.  Time series of modeled and observed monthly mean CO2 concentrations for (a), Asia, (b), Europe, (c), N. America, (d), S. America, (e), Africa, and (f), 
Oceania. The embedded map in the upper left corner shows the location of the stations used in each continent.
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independent observations shows that the posterior concentrations are closer to the observations. Compared to 
previous estimates, the estimated net biosphere exchanges (NBE, =NEE + FIRE) in N. America, Europe, S. 
America, and Africa are close to or between the estimates of GCAS2021 (Jiang et al., 2022) and CMS-Flux NBE 
2020 (Liu et al., 2021) during the same period (Figure S8 in Supporting Information S1), which were inferred 
from the same satellite retrievals as this study; while in Asia, the NBE of this study is significantly stronger than 
both, and in Australia, the sink in this study is weak. In N. America, and Europe our results are in the range of 
the NBEs constrained using surface measurements, namely CT2019B (Jacobson et al., 2020), Jena CarboScope 
s10oc_v2020 (Rodenbeck et  al.,  2018), and CAMS v18r2 (Chevallier et  al.,  2010) (Figure S8 in Supporting 
Information S1). In Asia our results are close to the estimate of Jena CarboScope s10oc_v2020 but significantly 
stronger than the other two estimates. In S. America we show a stronger sink, while in Africa, we show a stronger 
source compared to all three estimates. Compared to the other studies, Asia's NEE is also comparable to the esti-
mate of Zhang et al. (2014), who used Asia's ground and aircraft observations as many as possible, and less than 
the estimate based on eddy covariance measurements (Ichii et al., 2017). Compared to the state-of-the-art bottom 
up estimate for the period of 2000–2009 (Ciais et al., 2021), this study shows a stronger sink in N. America, 
EuroAsia, and S. America, but a weaker one in Africa and Australia. On globe land, the NEE is reduced from a 
priori of −6.22 ± 2.48 PgC yr −1 to a posteriori of −4.55 ± 0.12 PgC yr −1. Combined with the prescribed fluxes 
of ocean (−2.45 PgC yr −1), fire (1.93 PgC yr −1), and fossil fuel and cement (9.68 PgC yr −1), the posterior global 
net flux to the atmosphere is 4.61 PgC yr −1, which is very close to the observed mean atmospheric CO2 growth 
rate of 4.51 PgC yr −1 (Friedlingstein et al., 2020).

The setting of prior uncertainties and observation errors, and the spatial resolution of observation aggregation 
can affect the estimates of NEE. When using the standard deviations of the 12 TBMs as the prior uncertainties 
in each region (Case Q), the URRs in most regions of high latitudes are lower than those of the Base case. The 
reason is that with this scheme, the given uncertainty for each prior flux at high latitude regions is greater (Figure 
S9 in Supporting Information S1). Besides, we also find a significant increase of URR in the tropical regions 
of Amazon and Indochina, indicating that these regions are sensitive to a priori uncertainty settings. The eval-
uation of inversions using aircraft observations in the Amazon by Wang et al. (2018) also suggests that reliable 
interannual fluxes may not be available in the Amazon at present. On the continental scale, the URRs decrease 
on all continents except Europe, while the estimated NEE in all continents does not change much compared 
with the Base case (Figure S10 in Supporting Information S1). When using a uniform and much smaller obser-
vation error (Case R, as described in “Method”), the URRs have increased in most regions, especially at high 
latitudes (Figure S4 in Supporting Information S1). When increasing the spatial resolution of observation aggre-
gation, as expected, the URRs increased in most regions as well, especially when the resolution was increased to 
5° × 5° (Figure S4 in Supporting Information S1). The seasonal cycles of continental-scale NEEs are also more 
converged across TBMs (Figure S11 in Supporting Information S1). For the estimates of NEE, at the global scale, 
Case Q, Case R, Case A10, and Case A5 have almost the same annual carbon sinks with Base Case. At the conti-
nental scale, although the inverted NEEs of different schemes differ slightly, the differences between schemes are 
basically significantly smaller than the differences between the a priori and the a posteriori (Figure S13, Table S2 
in Supporting Information S1). Overall, the different prior uncertainty and observation error settings and different 
spatial resolution of observation aggregation do not change the situation that URR decreases significantly as the 
spatial scale decreases, but with smaller observation error and higher aggregation resolution, the decline rates are 
reduced. With different schemes, the mean URRs below the continental scale are all less than 0.5 (Figure S12 in 
Supporting Information S1). We conclude that currently, the GOSAT XCO2 can only give a robust estimate of 
the carbon flux on the continental scale, and as the research by Takagi et al. (2014), under the current satellite 
observing capacity, improving the XCO2 accuracy can effectively reduce the spatial scale of robust carbon flux 
estimates.

Conflict of Interest
The authors declare no conflicts of interest relevant to this study.

Data Availability Statement
The V9 ACOS L2 data products of GOSAT XCO2 column concentrations is publicly available at https://oco2.
gesdisc.eosdis.nasa.gov/data/GOSAT_TANSO_Level2/ACOS_L2_Lite_FP.9r. The TRENDY TBMs data are 
available at https://sites.exeter.ac.uk/trendy. The CarbonTracker CT2017 fluxes used as prior information in 
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the model simulations can be accessed from the website https://gml.noaa.gov/aftp/products/carbontracker/co2/
CT2017. The CarbonTracker CT2019B results provided by NOAA Earth System Research Laboratories (ESRL), 
Boulder, Colorado, USA from the website at http://carbontracker.noaa.gov. The ObsPack data can be downloaded 
from https://gml.noaa.gov/ccgg/obspack/data.php. The CONTRAIL data can be obtained from the ObsPack data 
set. The monthly carbon fluxes for the 51 terrestrial regions estimated in this study are available at https://doi.
org/10.5281/zenodo.7520065.
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