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Accurate estimation of carbon removal by terrestrial ecosystems and oceans is crucial to the success
of global carbon mitigation initiatives. The emergence of multi-source CO2 observations offers
prospects for an improved assessment of carbon fluxes. However, the utility of these diverse
observations has been limited by their heterogeneity, leading to much variation in estimated carbon
fluxes. To harvest the diverse data types, this paper develops amulti-observation carbon assimilation
system (MCAS), which simultaneously integrates both satellite and ground-based observations.
MCAS modifies the ensemble Kalman filter to apply different inflation factors to different types of
observation errors, addressing the heterogeneity between satellite and in situ data. In commonly used
independent validation datasets, the carbon flux derived from MCAS outperformed those obtained
from a single source, demonstrating a 20% reduction in error compared to existing carbon flux
products. We use MCAS to conduct ecosystem and ocean carbon flux inversion for the period of
2016–2020,which reveals that the 5-year average global net terrestrial and ocean sinkwas 1.84 ± 0.60
and2.74 ± 0.49 petagrams, absorbing approximately 47%of human-causedCO2 emissions together,
which were consistent with the global carbon project estimates of 1.82 and 2.66 petagrams. All these
facts suggest MCAS is a better methodology than those for assimilating single-source
observation only.

With the increasing availability of observational techniques, the top-down
atmospheric inversion method is gaining traction for its ability to estimate
carbon flux using a range of CO2 measurements, including in situ and
satellite observations1–3. The existing carbon flux inversionmethods consist
of two categories according to the kind of observational data used. The first
one involves using the in situ observations, with CarbonTracker being the
representative along with other studies4–7. The other one employs satellite
observations. As shown in Fig. S1 in Supplementary Information (SI),
satellite observations provide broader spatial and temporal coverage and, as
a result, more research has been conducted in recent years on satellite data
for carbon flux inversion8–11. However, the quality of satellite data is con-
sidered tobe lower than that fromthe in situobservations12–14.Moreover, the
satellite data provide aggregated air column concentration of CO2 (XCO2)
only, while the in situ data provide information at different altitudes.

Although projects such as the orbiting carbon observatory-2 model
intercomparison project (OCO-2MIP, see Table S1) have begun exploring

the different results obtained by assimilating observations from various
sources, they have not shown that assimilating multiple sources of data
would provide better results. The essence of this issue may lie in the het-
erogeneity between satellite and in situ observations15–17. Most assimilation
systems do not account for this heterogeneity, leading to assimilation results
that can be even less accurate than those obtained by assimilating single-
source observations18. Some studies19,20 have begun to explore the advan-
tages of assimilating multi-source observational data, while they usually
assume that satellite data are less accurate and therefore require additional
processing rather than truly addressing the heterogeneity issues among
different sources of observational data.

In this paper, we proposed a carbon inversion system that assimilates
multi-source CO2 data, including in situ and satellite observations. To
account for the heterogeneity among the multiple data sources, a modified
ensemble Kalman filter method with multiple inflation of the forecast and
observation error covariance matrix21 is employed to establish a multi-
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observation carbon assimilation system (MCAS). The multiple inflation
method automatically balances the heterogeneity between multi-source
observations to achieve better data assimilation results. MCAS is used to
simultaneously assimilate in situ CO2 measurements and satellite XCO2

retrievals, yielding the global terrestrial ecosystem and ocean carbon fluxes
with 3-hourly and 1° × 1° resolution from 2016 to 2020. The carbon fluxes
estimated by the MCAS have demonstrated significant advantages over
control experiments that assimilate only in situ or satellite observations and
other similar products, achieving the best performance in two independent
validationdatasets.Our approachmayprovide a pathway to fully exploit the
diversity of CO2 observation data, allowing better emissions planning.

Results
Assimilation of CO2 observations from in situ and satellite
The proposed MCAS was used to estimate carbon fluxes for terrestrial
ecosystems and ocean-spanning over the years from 2016 to 2020. To
highlight the efficacyof leveragingmulti-source observations, we conducted
three distinct inversion procedures with the MCAS: (1) MCAS(in situ):
inversion using only in situ observations; (2) MCAS(Sat): inversion using
only satellite observations; and (3)MCAS(in situ&Sat): inversionusing both
in situ and satellite observations. The details of the MCAS procedures are
available in “Methods”.

Table 1 shows the average carbon budget for the period of 2016–2020.
For comparison, the results of the global carbon budget from the Carbon-
Tracker version 2022 (CT2022,22) and the global carbon project (GCP,23),
are also presented. The annual average terrestrial ecosystem carbon sink
estimated by MCAS(in situ&Sat) falls between that of MCAS(in situ) and
MCAS(Sat), being 0.5 PgC year−1 higher than MCAS(in situ) and
0.3 PgC year−1 lower thanMCAS(Sat). On the contrary, the ranking for the
size of the ocean carbon sink is reversed, with MCAS(in situ) having the
highest ocean carbon sink estimate, MCAS(Sat) the lowest, and
MCAS(in situ&Sat) positioned between the two. As the global net carbon
flux will result in changes in atmospheric CO2 concentration, we also cal-
culated the global carbon budget imbalance, a measure of the mismatch
between net emissions (total emissions− total sinks) and the NOAA’s
5-year average CO2 growth rate (5.20 PgC year−1), which is estimated
directly using in situ observations23–25. The budget imbalance of
MCAS(in situ), MCAS(Sat), andMCAS(in situ&Sat) were 0.09 PgC year−1,
0.10 PgC year−1, and 0.02 PgC year−1. Hence, as shown in Table 1, the
proposedMCAS(in situ&Sat) that assimilates both in situ and satellite data
had a smaller global carbon budget imbalance than the other two MCAS
results. It is alsoworthnoting that the inversion results are highly sensitive to
the selection of prior carbon fluxes. We listed the inversion results for two
sets of different priors in Table S3, showing significant differences
between them.

Figure 1a–c presents the annual averages of global terrestrial ecosystem
and ocean fluxes for 2016–2020 estimated by the three MCAS procedures.
While ocean carbon fluxes show relatively less spatial variations, significant
spatial differences appear in the terrestrial carbon fluxes among them. It is
noted that results inferred using satellite observations display smoother
spatial estimates than MCAS(in situ). Figure 1d illustrates the spatial dif-
ferences between the inversion results of MCAS(in situ&Sat) and
MCAS(in situ). Overall, by incorporating satellite data, MCAS(in situ&Sat)
decreases the global average ocean carbon sink over the years 2016 to 2020
from 3.17 ± 0.41 of MCAS(in situ) to 2.74 ± 0.49 PgC year−1. For terrestrial
flux, it shows significant spatial differences betweenMCAS(in situ&Sat) and
MCAS(in situ) in regions with fewer in situ observations, such as South
America and Africa. MCAS(in situ&Sat) shows larger terrestrial ecosystem
carbon sinks in these regions, while ecosystem carbon sinks are lower than
those from MCAS(in situ) in the Northern Hemisphere, especially in the
EasternUnited States andCanada, Eurasia except northern Siberian. Figure
1e illustrates the spatial differences between MCAS(in situ&Sat) and
MCAS(Sat). Compared to MCAS(Sat), MCAS(in situ&Sat) shows a much
lower terrestrial ecosystem sink in the Northern Hemisphere, but larger in
the Southern Hemisphere, while the situation is reversed for the oceanic
sink. Figure 1f shows the difference between MCAS(Sat) and
MCAS(in situ). MCAS(Sat) significantly reduces the carbon sink in the
European and the ocean carbon sink in the Northern Hemisphere while
increasing the carbon sink in the western part of North America andNorth
Siberian compared to MCAS(in situ). Table S2 and Fig. S2 present the
annual average carbon fluxes across the 11TransCom (Atmospheric Tracer
Transport Model Intercomparison Project) regions for the period 2016-
2020 and the p-values for the significant difference between carbon flux
estimates based on 64 ensemble runs by theMCAS(in situ) andMCAS(sat)
procedures, which suggestsMCAS(in situ) andMCAS(Sat) are significantly
different at 8 out of the 11 TranCom regions. These differences might be
attributed to the varying distribution of observation data across regions. For
example, in Boreal North America and Tropical South America, there are
significant differences between MCAS(in situ) and MCAS(Sat). In the
former region, MCAS(in situ&Sat) aligns more closely with MCAS(in situ)
because of the abundance of in situ data, while satellite observations might
be limited byhigh latitude restriction. In theTropical SouthAmerica region,
where in situ data is scarce, MCAS(in situ&Sat) is closer toMCAS(Sat). See
Section S1 for further discussion on the regional carbon fluxes in con-
junction with climatic conditions.

We used two independent datasets, the ObsPack validation set (5% of
theObsPack data, non-assimilated) and the TCCONdataset as described in
the section “Validation data”. The performance of five carbon flux products
which include the prior, CT2022, and the proposed MCAS(in situ),
MCAS(Sat), and MCAS(in situ&Sat) were evaluated. We ran the GEOS-

Table 1 |Mean global carbon budgets and their standard deviations during the 2016–2020 period estimated in this study, aswell
as those of the CarbonTracker version 2022 (CT2022) and the global carbon project (GCP) (PgC year−1)

MCAS(in situ) MCAS(Sat) MCAS(in situ&Sat) CT2022 GCP

Fossil CO2 emissions 9.80 9.80 9.80 9.80 9.76

Terrestrial fluxes NEEa −3.49 ± 0.84 −4.29 ± 0.45 −3.99 ± 0.60 −3.03 /

Wildfire 2.15 2.15 2.15 2.15 /

Net land fluxb −1.34 ± 0.84 −2.14 ± 0.45 −1.84 ± 0.60 −0.88 −1.82

Oceanic fluxes −3.17 ± 0.41 −2.36 ± 0.59 −2.74 ± 0.49 −3.62 −2.66

Global net CO2 fluxes
c 5.29 ± 0.95 5.30 ± 0.66 5.22 ± 0.73 5.30 5.28

Atmospheric CO2 growth
d 5.20 5.20 5.20 5.20 5.20

Budget Imbalancee 0.09 0.10 0.02 0.10 0.08
aNEE represents the net ecosystem exchange.
bNet land flux =NEE+Wildfire.
cGlobal net CO2 flux = Fossil+NEE+Wildfire+Oceanic.
dAtmospheric CO2 growth was obtained from https://gml.noaa.gov/ccgg/trends/gl_gr.html (last access: 1 January 2024) and was estimated with a factor of 2.124 PgC ppm−1 23.
eThe difference between net CO2 flux and atmospheric CO2 growth.
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Chemmodel with different products as the carbon flux modules in GEOS-
Chem to obtain atmospheric CO2 concentration forecasts spanning
2016–2020. Subsequently, these forecasts were comparedwith the observed
CO2 values in the ObsPack validation set and the TCCON dataset. The
evaluation results, presented in Table 2, include the root mean square error
(RMSE), the correlation coefficient (CORR), and the average difference
between the predicted and observed values (BIAS).

Table 2 reveals that the carbon fluxes obtained by data assimilation
consistently outperformed the prior carbon flux. MCAS(in situ&Sat),
incorporating both in situ and satellite observations, exhibits the best per-
formance in both validation datasets. On the in situ validation set from
ObsPack, the results of assimilating in situ data outperformedMCAS(Sat),
which only assimilated satellite observations. On the XCO2 observations
from TCCON, the results of assimilating satellite observations out-
performedMCAS(in situ), which only assimilates in situ observations. The
proposed MCAS(in situ&Sat), which assimilates both in situ and satellite
data, consistently outperformed the other two on both datasets. Compared
toMCAS(in situ),MCAS(in situ&Sat) reduces the RMSE by approximately
15% on the ObsPack validation set and 4% on TCCON. Compared to
MCAS(Sat), MCAS(in situ&Sat) reduced the RMSE by approximately 21%
on theObsPack validation set and only 2%onTCCON.Additionally, Table
S4 andFig. S3 specifically use the 5% reserved aircraft data fromObsPack to
evaluate the inversion results, alongwith the performance above and below
3000m, respectively. The results show thatMCAS(in situ&Sat) consistently
performs best, followed by MCAS(in situ), with MCAS(Sat) performing
slightlyworse.Below3000m, the advantageofMCAS(in situ&Sat)becomes

more pronounced, while the limitations of MCAS(Sat) are more evident.
This highlights the limitation of satellite observations in the lower atmo-
sphere, as they only provide column concentrations and are less sensitive to
near-surfaceCO2 emissions and absorption.However, above 3000m,while
MCAS(in situ&Sat) remains the best, MCAS(Sat) shows improved per-
formance, indicating that satellite observations effectively constrain CO2

concentrations in the upper atmosphere. These findings underscore the
importance of combining in situ and satellite observations for more accu-
rate carbon flux estimates.

These results demonstrate that MCAS(in situ) and MCAS(Sat) have
their respective advantages and disadvantages in different aspects, and the
proposed MCAS(in situ&Sat) can handle heterogeneity between multi-
source data,making the results of assimilating both types of data superior to
assimilating either type alone.

Comparison between MCAS and other carbon flux products
Wediscussed the resultsofMCAS, including (in situ) and (in situ&Sat),with
CT2022 (CarbonTracker 2022).MCAS(in situ&Sat) utilized the same in situ
observation data and prior carbon fluxes as the others, and OCO-2 Level 2
data were used for satellite observations additionally. Table S5 details the
similarities and differences between MCAS and CT2022. Figure 2a, b pre-
sents the annual averages of global terrestrial ecosystem andoceanfluxes for
2016–2020 estimated by the Prior and CT2022. It can be seen from Table 1
that the total carbon sinks (terrestrial ecosystems+ oceans) estimated by
MCAS(in situ), MCAS(in situ&Sat), and CT2022 over the 5 years are quite
close, at 6.66 PgC year−1, 6.73 PgC year−1, and 6.65 PgC year−1, respectively.
However, the terrestrial ecosystem carbon sink estimated by
MCAS(in situ&Sat) is higher by 0.5 PgC year−1 and 0.96 PgC year−1 com-
pared to MCAS(in situ) and CT2022, respectively, while the ocean sink
correspondingly decreases. MCAS(in situ&Sat) estimates the ratio of net
land carbon sink to ocean carbon sink to be 2:3, which is consistent with the
result reported byGCP.However, the two in situ inversions,MCAS(in situ)
and CT2022, provide a larger estimate for the ocean carbon sink. These
differences can be seen in detail in Figs. 1d and 2d. Compared to CT2022,
MCAS(in situ&Sat) shows a smaller carbon sink in North America and a
larger carbon sink in Europe.

FromTable 2,MACS(in situ&Sat) reduces the RMSE by 20% and 4%
in the ObsPack and TCCON validation datasets, respectively, compared
to CT2022. While MCAS(in situ) and CT2022 perform similarly,
MCAS(in situ) shows better RMSE and correlation coefficients on the
ObsPack validation data, though with a slightly larger bias, whereas
CT2022 performed better on the TCCON dataset. The lower panel of Fig.
2 offers a detailed view of the evaluation results among the CT2022 and

Fig. 1 | Average global terrestrial ecosystem and ocean carbon flux for the period
2016-2020 (PgC year−1). aMCAS(in situ), bMCAS(Sat), c MCAS(in situ& Sat),
where blue represents carbon sinks and red represents carbon sources. The spatial

pattern of the difference in carbon flux inversion between:dMCAS(in situ& Sat) and
MCAS(in situ), e MCAS(in situ& Sat) and MCAS(Sat), f MCAS(Sat) and
MCAS(in situ).

Table 2 | Evaluation results for the Prior, CT2022,
MCAS(in situ), MCAS(Sat), and MCAS(in situ&Sat) carbon flux
estimate on the ObsPack validation set and TCCON dataset
over 2016–2020, which include the root mean square error (in
ppm), the correlation coefficient (CORR), and the averagebias
(in ppm) between the forecasts and the observations

Products ObsPack validation set TCCON

RMSE CORR BIAS RMSE CORR BIAS

Prior 2.827 0.911 0.327 1.752 0.942 0.892

CT2022 2.656 0.916 0.100 1.530 0.947 0.497

MCAS(in situ) 2.498 0.924 0.202 1.549 0.946 0.571

MCAS(Sat) 2.702 0.909 −0.494 1.408 0.949 0.190

MCAS(in situ&Sat) 2.132 0.942 −0.004 1.385 0.950 0.111

https://doi.org/10.1038/s41612-024-00824-w Article

npj Climate and Atmospheric Science |           (2024) 7:287 3

www.nature.com/npjclimatsci


two sets of MACS. Panels (e, f) present the biases between the observed
and predicted CO2 of each product in the ObsPack validation and
TCCON datasets, respectively, showing that MCAS(in situ&Sat) has
smaller biases than the others in both two validation sets. The validation
results on the TCCON show that after assimilating both in situ and
satellite data simultaneously, MCAS(in situ&Sat) exhibits smaller biases
on XCO2 prediction, while the forecast results of the in situ inversion
exhibit a systematic underestimation. Figure 2g, h further displays the
evaluation results within each localization region (see section “Ensemble
Kalman Filter with multiple inflation and localization”) in the ObsPack
validation dataset. MCAS(in situ&Sat) exhibits very low biases and shows
the smallest variability across all regions (TCCON sites are very sparse,
with most of them located in North America or Europe, making them
unsuitable for regional displays). MCAS(in situ) shows a bias mainly in
the limited observations over South America (50 observations), while its
performance in other regions is similar to CT2022, but with less variation
except inNorth America, where CT2022 has noticeably smaller variation,
likely due to having more in situ observations and the higher-resolution
nested grid in that region. In terms of the correlation coefficient (see Fig.
2h) between forecasts and observations of CO2, MCAS(in situ&Sat)
outperforms the other two in all regions, while MCAS(in situ) is better
than CT2022 in most regions, with both performing similarly in North
America.

TheOCO-2MIP v10 is a comparative project administered byNOAA,
involving 14 members (participants as listed in Table S1) and different
versions obtained with different types of observations. Specifically, we
consider threeOCO-2MIPmethods: IS which uses only in situ data, LNLG
which uses only OCO-2 observations over land, and LNLGOGIS which
assimilates both in situ and all satellite observations.

We took the average of the 14 members for each of the three OCO-2
MIP v10 methods for comparison. Figure S4 summarizes the estimated
average annual global CO2 growth from 2016 to 2020 obtained from the
three MCAS methods and the three corresponding OCO-2 MIP methods
(IS, LNLG, and LNLGOGIS), as well as the benchmark CO2 growth from
NOAA sites measurements. Comparing the results fromMCAS andOCO-
2 MIP, shows that assimilating both in situ and satellite data improves
accuracy for MCAS(in situ&Sat), but not necessarily for LNLGOGIS. In
fact, LNLGOGIS performs worse than IS and LNLG. In contrast,
MCAS(in situ&Sat) outperforms both MCAS(in situ) and MCAS(Sat),
highlighting the MCAS algorithm’s effectiveness in assimilating hetero-
geneous multi-source observations.

Then we considered the NBE (Net Biome Exchange) distribution of
these carbon fluxes over the 11 land TransCom regions. The results are
shown in Fig. 3a. Attention is first drawn to Northern Africa, where the
OCO-2 MIP results indicate a significant carbon source, while the MCAS
results suggest carbon neutrality. Given the global scale of carbon fluxes
analyzed by both MCAS and OCO-2 MIP, we referred to more specific
studies such as Gaubert et al., 202326. Using in situ airborne observations
from NASA’s ATom mission over the tropical Atlantic Ocean during four
seasons from2016 to 2018, they concluded that this region is close to carbon
neutral, aligning with the MCAS results. Additionally, they found that the
OCO-2 MIP results significantly overestimate the carbon source in this
region, particularly LNLG, by almost 1 PgC year−1. This supports our
conclusions and may be due to the effectiveness of our localization.
Observations in the Northern Africa region are very sparse. Implementing
localization will prevent the inversion results for this region from being
dominated by observations fromother areas. InBorealNorthAmerica, only
MCAS(in situ) and MCAS(in situ&Sat) indicate carbon neutrality, while

Fig. 2 | Comparison of global terrestrial ecosystem and ocean carbon flux, and
evaluation of carbon flux inversion performance. Upper panel shows the average
global terrestrial ecosystem and ocean carbon flux for the period 2016–2020
(PgC year−1) for a prior, b CT2022, and the difference between cMCAS(in situ) and
CT2022, dMCAS(in situ& Sat) and CT2022. The middle and lower panels show

evaluation results for Prior, CT2022,MCAS(in situ), andMCAS(in situ& Sat): e average
biases on theObsPack validation set, f average biases on the TCCONdataset, g boxplots
of prediction biases in seven regions (Ocean, North America, South America, Africa,
Eurasia Boreal and Temperate, Tropical Asia, and Australasia) with sample sizes in
parentheses, and h correlations between observations and forecasts in each region.
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other results show a strong carbon sink. Recent studies also suggest that
Boreal North America is transitioning from a carbon sink to a carbon
source27,28 due to the reduced growth of trees caused by atmospheric
dryness29 and the increase in wildfires30. The differences in these inversion
results stem from factors such as the data assimilation algorithm, the error
design, and the prior settings.

We presented the seasonal variations of NEE (Net Ecosystem
Exchange) for each TransCom region in Fig. 3b. The peak summertime
drawdown of fluxes in northern ecosystems, indicative of deeper carbon
sinks during the growing season, remains consistent among the inversion
products in the Boreal North American, Temperate North American,
Boreal Eurasia, Temperate Eurasia, and Europe regions. However, these
regions show significant variations in carbon source estimates during fall
andwinter, attributed to differing observational constraints and localization
strategies, leading to substantial discrepancies in the annual flux estimates.
For instance, MCAS indicates relatively small annual fluxes in the Boreal
North American region compared to OCO-2MIP estimates, primarily due
to higher carbon sources between January and April. Additionally, we
observed notable disagreements in the seasonal cycle of flux amplitudes in
the African and Australian regions. The primary cause of these dis-
crepancies is the lack of in situ observations in these areas and divergent
seasonal amplitudes of the prior fluxes used in the inversion process.
Additionally, in Section S2, we performed a correlation analysis between
these carbon flux products and the land ecosystem model. These results

demonstrate the consistency of each carbon flux product with land eco-
system indicators.

Discussion
In this work, we develop the MCAS, which incorporates both in situ and
satellite CO2 measurements into the chemical transport model to obtain a
more accurate carbon flux estimation. The main innovation of this paper is
to address the challenge of heterogeneity between observations from dif-
ferent sources through a modified ensemble Kalman filter.

Despite the abundance of CO2 observation types, primarily in situ and
satellite observations, most current carbon assimilation efforts rely on
observations from a single source, leading to under-utilization of available
data. Although OCO-2 MIP v10 has explored the employment of multiple
data sources, the heterogeneity among observational data caused the
simultaneous assimilation of in situ and satellite observations to perform
worse than using in situ data alone18. Our findings demonstrate that, by
appropriately addressing data heterogeneity, jointly assimilating both
observation types yields better results thanassimilating a single source alone.
Specifically, based on the RMSE evaluation from an independent in situ
validation dataset, the error of the MCAS when assimilating both types of
data was more than 15% lower than those assimilating data from a single
source. The net land flux and ocean fluxes estimated using MCAS are
consistent with those of the global carbon project. These provide evidence
for a new avenue for a more precise estimation of carbon flux.

Fig. 3 | Comparison of natural landfluxes and seasonal cycle amplitudes across 11
TransCom land regions over 2016-2020. a Annual natural land fluxes derived by
MCAS and OCO-2MIP averaged over 2016 to 2020, b Seasonal cycle amplitudes of

terrestrial ecosystem fluxes derived in the 11 TransCom land regions from 2016 to
2020. Each result is represented by a solid curve showing the average value during
this period.
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Our analysis indicates that high-quality data assimilation algorithms
are crucial for accurate carbon flux inversion. We have enhanced the
ensemble Kalman filter by introducing multiple inflation factors to address
the heterogeneity amongmulti-source observations. Our framework can be
easily extended to incorporate more types of observation, such as simulta-
neously assimilating data fromdifferent carbon satellites. In future research,
we plan to use more advanced high-dimensional ensemble Kalman filter
algorithms31 to further tackle the challenges of ultra-high-dimensional state
variables. We also intend to introduce the Bayesian model averaging
method32 to handle uncertainties in the prior carbon flux and atmospheric
transport models, aiming to achieve better carbon assimilation results.

Methods
Transport model and prior carbon fluxes
GEOS-Chem is a global three-dimensional chemical transport model,33

(https://geos-chem.seas.harvard.edu/, last access: Oct 2023) driven by
meteorological input fromGoddard EarthObserving System (GEOS) of the
NASAGlobalModeling andAssimilationOffice. GEOS-Chem has become
one of the most widely utilized chemical transport models, and is widely
applied in atmospheric inversion for carbon flux estimation7,10,11,19,34. Our
GEOS-Chem simulation was performed at a spatial resolution of 2° lati-
tude × 2. 5° longitude with 47 vertical layers, driven by MERRA-2
meteorological data.

As commonly practiced, we divide CO2 fluxes into four distinct
modules: fossil fuel, wildfire, ocean, and terrestrial biosphere. Our focus is
particularly on refining the terrestrial ecosystem and oceanic carbon flux
estimates to better match observational data. Hence, we treated fossil fuel
and wildfire fluxes as fixed throughout the analysis. In each module, we
consider twodifferent priors,which lead to eight points (datasets) in total for
the four modules. They are obtained from the NOAA Global Monitoring
Laboratory’s data archive (https://gml.noaa.gov/aftp/products/
carbontracker/co2/CT2022/) with the following specifics.
• The fossil fuel component was derived from the Carbon Dioxide

Information and Analysis Center (CDIAC,35) and the Open-source
Data Inventory of Anthropogenic CO2 (ODIAC) national emissions36.

• The wildfire fluxes were sourced from the Global Fire Emissions
Database (GFED)4.1s37,38.Alternatively,wildfirefluxes fromtheNASA
Carbon Monitoring System produced by the GFED_CMS team were
also used.

• The first-guess ocean-atmosphere CO2 was obtained from the pCO2-
Clim39 and the Ocean Inversion Fluxes (OIF,40).

• The terrestrial biosphere fluxes at a 3-h resolution were provided by
two biosphere models (GFED 4.1s and GFED_CMS), which are
versions of the Carnegie-Ames Stanford Approach (CASA) biogeo-
chemical model41, associated with the GFED project.

The eight prior carbon fluxes are categorized into two group combi-
nations: (i) CDIAC for fossil fuel, GFED 4.1s for wildfire, GFED 4.1s for
terrestrial ecosystem and OIF for the ocean, and (ii) ODIAC for fossil fuel,
GFED_CMS for wildfire, GFED_CMS for terrestrial biosphere and pCO2-
clim for the ocean. Each of the group combinations is used in a single
inversion experiment. Specifically, for each of the experiments, fossil fuel
andwildfire parts are treated asCO2 emissions inGEOS-Chem, and theyare
fixed during the inversion experiment. Additionally, the prior estimates for
the terrestrial biosphere and ocean serve as the initial guesses in GEOS-
Chem and will be adjusted during the data assimilation to obtain posterior
estimates of finer carbon fluxes for the terrestrial ecosystem and the ocean.
Specifically, we consider using scaling factors λt ¼ λbios tð Þ; λocean tð Þ� �

,
which have a mean value of 1, to adjust the prior carbon fluxes. The per-
turbed surface flux at location s and time t is given by:

F λt ; s; t
� � ¼ λbiosðs; tÞFbiosðs; tÞ þ λoceanðs; tÞFoceanðs; tÞ þ Ffossilðs; tÞ þ Ffireðs; tÞ;

ð1Þ
where Fbios(s, t), Focean(s, t), Ffossil(s, t), and Ffire(s, t) describe the prior
estimates introduced above. The scaling factors λbios and λocean are used to
adjust the carbon fluxes from the land biosphere and ocean, respectively.
The allocation of adjustment factors λt is guided by a framework that takes
into account 11 Transcom regions42 and 19 Olson ecosystem types43,44. By
combining the GEOS-Chem model and observational data, the Ensemble

Fig. 4 | Flowchart of theMCAS. Schematic of the first two assimilationwindows ofMCAS. Red arrows represent the data assimilation steps, while purple arrows indicate the
transfer steps between windows.
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Kalman Filter (EnKF) introduced in section “Ensemble Kalman Filter with
multiple inflation and localization” will help us determine the optimal λt.

The so-called “Prior” carbon flux in section “Assimilation of CO2
observations from in-situ and satellite” is the average of the two distinct
prior group combinations. And the final results of a specific product, e.g.,
MCAS(in situ), is the average outcomes of the product using the two group
combinations. Themain results of the inversions using two sets of priors are
documented in Table S3.

Observational data

• In situ observation: In this study, we use atmospheric CO2 con-
centration measurements collected and preprocessed by Observation
Package (ObsPack) data products, as detailed in45. The specific datasets
employed in our research are obspack_co2_1_GLOBALVIEW-
plus_v9.0_2023-09-0946, (https://gml.noaa.gov/ccgg/obspack/, last
access: Oct 2023), and the ninth major release of the GLO-
BALVIEWplus (GV+) collaborative data products. The latter exten-
sive dataproduct comprises612datasets contributedby 74 laboratories
from 28 countries.

• Satellite observation: The Orbiting Carbon Observatory-2 (OCO-2) is
a satellite for environmental science research launched on July 2 2014.
The NASA mission serves as a replacement for the earlier Orbiting
Carbon Observatory. OCO-2 operates in a near-polar, Sun-
synchronous orbit, allowing it to cover the entire Earth over a period
of 16 days. We use the bias-corrected XCO2 retrievals obtained from
OCO-2 Level 2 data (https://disc.gsfc.nasa.gov/datasets/OCO2_L2_
Lite_FP_11.1r/summary, last access: Oct 2023) as the satellite
observation in this study.

The original observational data were preprocessed and thinned to a
lower spatial resolution tomatch the resolution of GEOS-Chem and reduce
the excessive amount of samples. Please refer to Section S3 for the data
preprocessing procedures and see Fig. S5 for the distribution of the in situ
data we used.

Validation data
To assess the performance of the carbon flux inversion methods, we use
independent observations as validation samples to objectively assess the
performance of the methods. They include a 5% randomly selected data
sample fromObsPack, which was not used in the data assimilation process.
A similar approach to CT2022 is adopted to ensure the independence
between the validation dataset and the assimilation dataset. For aircraft
flasks collected during flights, the basic sampling unit is a flight so that CO2

profiles during flights are selected randomly for inclusion in the validation
sample. Similarly, for in situ analyzers with quasi-continuous readings, we
randomly choose 5% daily recordings of 24-h to the validation sample.

Another validation dataset is from the Total Carbon Column Obser-
ving Network (TCCON,47, https://tccondata.org/, last access: Oct 2023), a
network of ground-based Fourier Transform Spectrometers that record
direct solar spectra in thenear-infrared spectral region.The column-average
XCO2 data were pre-processed as OCO-2 Level 2 data and the entire
TCCON dataset after processing was used as the second validation sample.
All TCCON sites used in the evaluation section are listed in Table S6.

Ensemble Kalman filter with multiple inflation and localization
Since accurately estimating the optimal parameters λt in Eq. (1) is chal-
lenging, there exists considerable uncertainty in the final calculation of the
surface carbon flux. The emergence of multi-source CO2 observations
presents an opportunity to enhance the assessment of carbonfluxes through
optimized parameter estimation.

To effectively utilize heterogeneous data from different sources, we
have developed a novel global carbon flux estimation framework, the
MCAS, which simultaneously integrates multi-source data. Within the
MCAS framework, amodifiedEnsembleKalmanFilter (EnKF) algorithm is

employed to combine model forecasts with observational data, thereby
identifying optimized values for the model state variables.

Assuming m ensemble members, the model forecast state for the i-th
member is defined as xft;i ¼ ðcft;i; λft;iÞ for i = 1, 2,…,m, where cft;i represents
the CO2 concentration field at time t, forecasted by GEOS-Chem based on
the analyzed CO2 concentration field at time t− 1 (denoted as cat�1;i) and a
given perturbed carbon flux Fðλft;iÞ (see Eq. (1)). This process is expressed as
follows.

cft;i ¼ Mtðcat�1;i; Fðλft;iÞÞ; ð2Þ

whereMt represents theGEOS-Chemmodel. The observation state at time
t is expressed as yt ¼ ðyð1Þt ; yð2Þt Þ, where yð1Þt and yð2Þt represent in situ and
satellite observations, respectively. For each ensemble member, we can use
an observation operatorHt ¼ ðHð1Þ

t ;Hð2Þ
t Þ to interpolate the model grid to

the observation locations, i.e., ŷft;i ¼ Htx
f
t;i, and calculate the corresponding

innovation dt;i ¼ yt � ŷft;i. Here, Hð1Þ
t and Hð2Þ

t correspond to the
observation operators for in situ data and satellite data, respectively. The
former is implementedusing linear interpolation,while the latter follows the
form used in the ACOS retrieval algorithm48. For details, please refer to
Section S4.

By combining ensemble forecasts and observational data, we solve the
analysis state xat;i using a modified EnKF update formula:

xat;i ¼ xft;i þ
ffiffiffiffi
θt

p
~C
f
t

~Λ
f
t

 !
m� 1ð ÞIþ θt ~Y

>
t

μt;1R
1ð Þ
t

μt;2R
2ð Þ
t

 !�1

~Yt

2
4

3
5�1

ffiffiffiffi
θt

p
~Y
>
t

μt;1R
1ð Þ
t

μt;2R
2ð Þ
t

 !�1

dt;i;

ð3Þ

for i=1, 2,⋯ ,m, where ~C
f
t , ~Λ

f
t , and ~Yt are the de-centralizedmatrices of the

CO2 concentration field cft;i, scales λ
f
t;i, and forecasted observations ŷft;i,

respectively. For example,

~Yt ¼ ŷft;1 � �yft ; ŷ
f
t;2 � �yft ; � � � ; ŷft;m � �yft

h i
; �yft ¼

1
m

Xm
i¼1

ŷft;i: ð4Þ

The effective implementationofEnKFrelies on the accurate estimation
of forecast and observation error covariance matrices. Since the forecast
error can be decomposed into ensemble error and model error, i.e.,

Var cft;i � c�t
� �

|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
forecast error

¼ Var cft;i � �cft
� �

|fflfflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflfflffl}
ensemble error

þVar �cft � c�t
� �

|fflfflfflfflfflfflfflfflffl{zfflfflfflfflfflfflfflfflffl}
model error

; ð5Þ

where c�t is the unknown trueCO2 concentrationfield, and�c
f
t ¼ 1

m

Pn
i¼1 c

f
t;i

is the forecastmean. Since the true state is unknown, the standardEnKFuses
�cft instead,whichomits themodel error term.Given that geophysicalmodels
typically have model errors, this omission can lead to a significant under-
estimation of forecast error statistics, resulting in substantial analysis errors.
MCAS compensates for this omission by introducing an inflation factor θt.
Systems like CarbonTracker do not use the chemical transport model as a
forecast operator but rather as an observation operator, leading to a quite
different methodology from the MCAS. The need for inflation is further
explained in Section S5.

The observation error in our system arises from interpolation errors
between model grid points and observation locations, as well as instrument
errors. Although observational data provide uncertainty estimates based on
“model-data mismatch” (e.g., “CT_MDM” in ObsPack and “xco2_uncer-
tainty” in OCO-2 Level 2 data), the accuracy of these estimates varies sig-
nificantly depending on the physical models used and the data provider.

In Eq. (3), we modified the standard EnKF by introducing inflation
factors θt, μt,1, and μt,2 to adjust the forecast and observation errors. These
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factors help balance different error sources and enhance assimilation per-
formance. Unlike previous works that used fixed inflation factors10,11, our
method employs dynamic inflation factors that account for spatiotemporal
variations. These dynamic factors are automatically estimated by max-
imizing the likelihood function. For detailed implementation of MCAS,
please refer to the SI.

To mitigate biases introduced by global-scale data assimilation, parti-
cularly in sparsely observed areas, we implemented a global localization
approach similar to ref. 32. TheEarthwasdivided into seven regions:Ocean,
South America, North America, Africa, Eurasia, Tropical Asia, and Aus-
tralasia (see Fig. S6). Each regionwas extended by 800 km to create overlaps
with adjacent areas.

Observations were assimilated within regions encompassing mea-
surement sites located within the extended areas and those that passed a
correlation test. This test evaluatedPearson’s correlation coefficient between
the ensemble of parameters λt for a specific region and the ensemble of
forecasts at a measurement site outside that region. Observations with an
absolute correlation coefficient greater than 0.7 were also included in the
data assimilation.

The extensionof regional boundaries ensured the continuityof analysis
of states along borders. For a grid point gwithin the overlap of regionsAand
B, the final result was calculated using inverse-distance weighting:

xat ðgÞ ¼
xat ðg;AÞ � dðg;AÞ þ xat ðg;BÞ � dðg;BÞ

dðg;BÞ þ dðg;BÞ ; ð6Þ

where d(g, A) is the Euclidean distance fromgrid point g to the nearest point
in extended regionA, and xat ðg;AÞ is the analysis state of grid point gwithin
region A.

MCAS configurations
The proposed MCAS was used to estimate carbon fluxes for ecosystems
and the ocean-spanning the years 2016 to 2020. To underscore the
efficacy of leveraging multi-source observations, we conducted three
inversion experiments: (1) MCAS(in situ): Inversion using only in situ
observations; (2) MCAS(Sat): Inversion using only satellite observa-
tions. (3) MCAS(in situ&Sat): Inversion using both in situ and satellite
observations.

Since the impact of carbon flux on the spatial distribution of CO2 is not
instantaneous, the moving windowmethod10,49, a common practice in data
assimilation, was adopted. Given that satellite observations of column-wise
concentrations exhibit a longer response time to carbon flux impacts, dif-
ferent window lengths were designed for different observation sources. We
extensively discuss the configuration ofMCASand sensitivity analysis in the
Section S6. Based on this analysis, we establish the following settings: In
Experiment (1), each assimilation step moves 7 days, with an additional
4 days (total of 11 days) for in situ observations considered. In Experiments
(2) and (3), each assimilation step also moves 7 days, with an additional
4 days for in situ observations and an extra 9 days (total of 16 days) for
satellite observations. The inversion experiments started in July 2015 and
ended on December 31, 2020, with the first six months as the breeding
period.

To more clearly illustrate the workflow and features of MCAS, we
provide a flowchart ofMCAS in Fig. 4. Note that although we only describe
MCAS for twodata sources, ourmethod canbe easily extended tomore data
sources. We discussed the setting of different inflation factors for satellite
observations over the ocean and land in Section S6.

Data availability
The MCAS inversion carbon fluxes are available on Zenodo (https://doi.
org/10.5281/zenodo.13937731). The ninth major release of GLO-
BALVIEWplus(GV+) in the Observation Package product (ObsPack) is
available on the NOAA/ESRL Global Monitoring Laboratory website46,
(https://gml.noaa.gov/ccgg/obspack/). The OCO-2 Level 2 bias-corrected
XCO2 retrievals are available on the NASA Earth Science Data Systems

(ESDS) Program (https://disc.gsfc.nasa.gov/datasets/OCO2_L2_Lite_FP_
11.1r/summary). CT2022 products are available on the official website
https://gml.noaa.gov/ccgg/carbontracker/. TCCON data are available on
the official website of the Total Carbon Column Observing Network
(https://tccondata.org/). BEPS NEP data is provided by the National Eco-
system Science Data Center, National Science & Technology Infrastructure
of China. (http://www.nesdc.org.cn).
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