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Abstract The European land carbon uptake has been heavily impacted by several recent severe droughts,
yet quantitative estimates of carbon uptake anomalies are uncertain. Atmospheric CO, inverse models (AIMs)
provide observation-based estimates of the large-scale carbon flux dynamics, but how well they capture drought
impacts on the terrestrial carbon uptake is poorly known. Here we assessed the capacity of state-of-the-art
AIMs in monitoring drought impacts on the European carbon uptake over 2001-2015 using observations

of environmental variability and vegetation function and made comparisons with bottom-up estimates of
carbon uptake anomalies. We found that global inversions with only limited surface CO, observations give
divergent estimates of drought impacts. Regional inversions assimilating denser CO, observations over Europe
demonstrated some improved consistency, with all inversions capturing a reduction in carbon uptake during

the 2012 drought. However, they failed to capture the reduction caused by the 2015 drought. Finally, we found
that a set of inversions that assimilated satellite XCO, or assimilated environmental variables plus surface CO,
observations better captured carbon uptake anomalies induced by both the 2012 and 2015 droughts. In addition,
the recent Orbiting Carbon Observatory—2 XCO, inversions showed good potential in capturing drought
impacts, with better performances for larger-scale droughts like the 2018 drought. These results suggest that
surface CO, observations may still be too sparse to fully capture the impact of drought on the carbon cycle at
subcontinental scales over Europe, and satellite XCO, and ancillary environmental data can be used to improve
observational constraints in atmospheric inversion systems.

Plain Language Summary Atmospheric CO, inverse models (AIMs) are useful tools for
quantifying the response of large-scale carbon uptake to climate extremes, but their capacity for monitoring
drought impacts, particularly at regional scales, is not fully explored. In this study, we assessed the capacity
of state-of-the-art AIMs for monitoring drought impacts on the European land carbon uptake over 2001-2015
using a large array of observational and model data sets. We found: (a) global inversions with only limited
surface CO, observations face a great challenge in monitoring drought impacts on the European carbon
uptake; (b) Regional inversions assimilated denser CO, observations over Europe, for the EUROCOM project,
demonstrated some improved consistency but are still deficient, showing divergent estimates in interannual
variability of carbon uptake for most years; and (c) A set of inversion systems that assimilated satellite XCO,
or assimilated environmental variables plus surface CO, observations better captured annual and seasonal
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anomalies caused by droughts. Our study demonstrates that surface CO, observations may still be too sparse to
fully capture the impact of drought on the carbon cycle at subcontinental scales over Europe, whereby satellite
XCO, and ancillary environmental data can offer observational constraints for improving the estimates.

1. Introduction

In recent decades, large-scale extreme droughts have frequently hit various regions over the globe, and Europe
is becoming a hotspot (Ciais et al., 2005; Flach et al., 2018; Laaha et al., 2017; Peters et al., 2020; S. Wang
et al., 2020). Such droughts have been known to strongly influence the inter-annual variations (IAV) of terrestrial
carbon uptake at both regional (Wolf et al., 2016) and global (Ahlstrom et al., 2015) scales. Accurately monitor-
ing the behavior of terrestrial ecosystems in response to droughts is critical for understanding the carbon-climate
interaction and feedbacks (Xiao et al., 2016).

Atmospheric CO, inverse models (AIMs) infer the surface carbon dioxide (CO,) fluxes from atmospheric mole
fraction observations through adjusting prior surface fluxes (often provided by terrestrial biosphere models
[TBMs]) to minimize the gap between simulated concentration and observed concentration within model-
data fusion frameworks. These models have been utilized for more than two decades in carbon cycle research
(Chevallier et al., 2019; Gurney et al., 2004; Peters et al., 2007; Rodenbeck et al., 2003; van der Laan-Luijkx
et al., 2017). Over most of their history, AIMs have primarily been employed to study the continental-to-global
scale carbon cycle by assimilating CO, measurements from a sparse network of surface sites. However, AIMs
are increasingly being applied to regional carbon flux estimation (Byrne, Liu, Lee, et al., 2020; Friedlingstein
et al., 2019; He, Jiang, Wu, et al., 2022; He, van der Velde, et al., 2018; Monteil et al., 2020) and assess carbon
cycle response to climate extremes (He, Ju, etal.,2018; J. Liu et al., 2018; Molina et al., 2015; van der Laan-Luijkx
et al., 2015; Wolf et al., 2016).

AlIMs offer a formal way to assess the impact of climate extremes (e.g., drought) on the carbon cycle. However,
the sparse sampling of CO, measurements has generally been insufficient to capture the carbon cycle response
to these regional climate extremes. Recently, increasing observational coverage from an expanded network of
surface sites has been improving our ability to capture regional fluxes (Monteil et al., 2020). Further, assimilating
satellite measurements of column-averaged dry-air mole fractions of CO, (XCO,) (Byrne, Liu, Lee, et al., 2020;
Jiang et al., 2021; J. Liu et al., 2018) or land surface data (Rodenbeck et al., 2018b; Scholze et al., 2019) are also
now being utilized to refine CO, flux estimates. Still, the capacity of current AIMs in capturing the impacts of
large-scale droughts on ecosystems has not been fully studied.

Assessing the accuracy of carbon flux products is critical for improving our understanding of the link between the
terrestrial carbon cycle and climate change. Validation of large-scale carbon fluxes is a common challenge. As
suggested by Schewe et al. (2019), research efforts of model development and evaluation need to be shifted away
from mean conditions toward extremes. For example, several studies have systematically examined state-of-the-
art land surface models for monitoring the carbon cycle responses to typical large-scale drought events (He
et al., 2021; Peters et al., 2020; Schewe et al., 2019). Similarly, previous studies have shown that the performance
of AIMs can be evaluated through comparisons of IAV in the driving environmental variables and against inde-
pendent CO, flux estimates. For example, Byrne et al. (2019) evaluated the ability of AIMs to reproduce CO, flux
TAV against variability in the environmental drivers (e.g., temperature and moisture) as well as observations of
vegetation function (e.g., solar-induced chlorophyll fluorescence [SIF]) and independent CO, flux estimates (e.g.,
FLUXCOM). They found that comparisons against these data sets proved to be an effective method for evaluat-
ing the performance of AIMs, and were even able to characterize the impact of the flux inversion set-up on IAV
estimates. Similarly, Yin et al. (2020) demonstrated that anomalies in SIF were closely linked to net ecosystem
production (NEP) anomalies caused by extreme flooding in the Midwest USA during the spring of 2019. These
studies demonstrate that we should expect a substantial level of agreement among variations in environmental
quantities, measurements of vegetation function, and IAV estimated by AIMs.

Recent droughts in Europe provide us with a good opportunity for evaluating the state-of-the-art capacities
of AIMs in capturing drought-induced IAV and seasonal variations of land-atmosphere carbon fluxes. Newly
developed remote sensing products provide useful information on the spatial and temporal variations of carbon
fluxes, which can be used to benchmark carbon flux products. An increasing array of satellite land surface
metrics, such as SIF, near-infrared reflectance index (NIRv), microwave satellite soil moisture (SM), and total
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terrestrial water storage (TWS), are available for assessing the impacts of climate extremes on terrestrial ecosys-
tems (Palmer, 2018; Peters et al., 2020; Smith et al., 2020; S. Wang et al., 2020). Moreover, satellite data-driven
GPP products, including FluxSat (Joiner et al., 2018) and GOSIF GPP (Li & Xiao, 2019b), can be used to eval-
uate the performance of AIMs-estimated NEP in response to droughts. That is because, there is a strong link
between the temporal variations of NEP and GPP from both models (Piao et al., 2020; Wieder et al., 2021; L.
Zhang et al., 2019) and observations (Baldocchi, 2008; Baldocchi et al., 2018; Shiga et al., 2018). In addition, in
situ eddy covariance flux data can be used to indicate drought-induced changes in the seasonal cycles of carbon
fluxes. A study synthesizing different sources of observations and diverse models under a unified drought context
would help advance our understanding of the responses of the terrestrial carbon cycle to droughts and the perfor-
mance of carbon cycle models.

In this study, we aimed to assess the capacities of state-of-the-art AIMs with diverse model formations and
different assimilated data sources, including both in situ based and satellite-based, in capturing realistic terrestrial
carbon uptake anomalies associated with European droughts during the period 2001-2015. To this end, obser-
vations of environmental variability and vegetation function and in situ eddy covariance flux data were used to
evaluate the IAV and seasonal variation of NEP at regional scales, with bottom-up estimates of carbon uptake
anomalies by the TRENDY models and the FLUXCOM data set for comparisons.

2. Data and Methods
2.1. Study Area

Our study area spans over 33°-73°N, 15°W=35°E (Figure S1 in Supporting Information S1), which covers most
areas of Europe. Since 2003, several severe drought events occurred in this area, which caused a large loss of
terrestrial carbon uptake (Bastos et al., 2020; Ciais et al., 2005). In order to evaluate the model performance on
capturing drought impacts over different parts of Europe, the study area is divided into four subregions (Figure
S1b in Supporting Information S1) following EUROCOM: northern Europe (Scandinavia, Finland, and the Baltic
states), southern Europe (the Iberian Peninsula, Italy, Greece, Romania, and the Balkan states), western Europe
(France, Benelux, the UK, and Ireland), and central Europe (the remaining countries, up to the eastern border of
Poland) (Monteil et al., 2020).

2.2. Carbon Fluxes Constrained by Atmospheric CO, Observations

We included estimated carbon fluxes from inversions constrained by either in situ CO, or satellite data. The data
sets used in this study are summarized in Table 1, with additional details on the inversion systems summarized in
Table S1 in Supporting Information S1 (global in situ based inversions), Table S2 in Supporting Information S1
(regional in situ based inversions), and Table S3 in Supporting Information S1 (satellite-based inversions).

Carbon flux estimates from five in situ CO, based global inversions were examined in this study, including Carbon-
Tracker Europe (CTE2018) (Peters et al., 2010; van der Laan-Luijkx et al., 2017), CarbonTracker (CT2019B)
(Peters et al., 2007), CAMS (Chevallier et al., 2010), and Jena CarboScope standard inversion (Rodenbeck
et al., 2003). The newly extended inversions of NEE-T (Rodenbeck et al., 2018b) and NEE-T-W (Rodenbeck
etal., 2020) of Jena CarboScope were used for comparison. The CarbonTracker Europe (CTE) (Peters et al., 2010;
van der Laan-Luijkx et al., 2017) developed at Wageningen University (http://www.carbontracker.eu) assimilates
global air samples of CO, mole fractions to adjust prior surface carbon fluxes. Here we used the monthly CTE2018
fluxes with a spatial resolution of 1° X 1°. Another similar atmospheric CO, inversion product, CarbonTracker
(CT) 2019 (Jacobson et al., 2020; Peters et al., 2005, 2007), is developed at NOAA (www.carbontracker.noaa.gov).
We used the monthly CT2019B fluxes at a spatial resolution of 1° X 1° in this study. Four other inversion-based
flux estimates, from CAMS (v18r2) and Jena CarboScope (s99_v4.3, NEE-T_v4.3, and NEE-T-W_v4.3), were
also used. The CAMS (v18r2) product provides global monthly fluxes at a spatial resolution of 3.75° X 1.875°.
The Jena CarboScope product provides global monthly fluxes at a spatial resolution of 5° X 4°. The Jena s99_v4.3
inversion starts in 1999 and uses observations from 50 stations that cover this entire period. The Jena NEE-T
inversion differs from the standard one only by replacing the explicitly time-dependent inter-annual NEE vari-
ations with a linear NEE-T (surface temperature) regression term plus residual terms, and by using a larger set
of measurement stations (Rodenbeck et al., 2018b). The surface temperature data is from Goddard Institute for
Space Studies analysis (Hansen et al., 2010; Lenssen et al., 2019). In addition to the temperature constraint,
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Figure 1. Spatiotemporal anomalies of air temperature (Ta), precipitation (Prep), soil moisture (SM), vapor pressure deficit (VPD), reconstructed contiguous
solar-induced fluorescence, and near-infrared reflectance index (NIRv) in Europe over 2001-2015. Monthly anomalies are calculated as the variable value subtract
multiple-year mean over the whole period. The spatial patterns show for the summer time (June—August). The boxes indicate the selected drought-impacted regions in
2012 and 2015 used for further analyses. The regions were selected according to the anomalies in VPD and SM.

the Jena NEE-T-W inversion uses the six-monthly accumulated Standardized Precipitation-Evapotranspiration
Index (SPEI) as an extra constraint (Rodenbeck et al., 2020). Here, the Jena NEE-T/NEE-T —W inversions were
used as references due to their known improved performances in characterizing the IAV of large-scale NEP
compared to the standard inversion (Rodenbeck et al., 2018b, 2020).

We included seven in situ CO, based regional inversions from the EUROCOM project (https://eurocom.
icos-cp.eu/; Monteil et al., 2020), including CarboScope-Regional (Kountouris et al., 2018), LUMIA
(Monteil & Scholze, 2021), EnKF-RAMS (Meesters et al., 2012), FLEXINVERT (Thompson & Stohl, 2014),
PYVAR-CHIMERE (Fortems-Cheiney et al., 2021), and CTE for EUROCOM (Smith et al., 2020). These inver-
sions used enhanced surface CO, observations of 39 stations over Europe (see Figure 1b), and their inversion
systems built upon either Eulerian or Lagrangian models.

We used three satellite XCO, based inversions, including the one from combined GOSAT, surface, and TCCON
data with three different prior biosphere fluxes generated by Byrne, Liu, Lee, et al. (2020) (hereafter Byrne2020),
GCASv2 (Jiang et al., 2021; Jiang, Ju, et al., 2022), and CMS-Flux NBE 2020 (J. Liu et al., 2020). The Byrne2020
flux was estimated at 4° X 5° at a 14-day scale from 2010 to 2015 based on the GEOS-Chem atmospheric
transport model and Bayesian data assimilation technique. GCASv2 assimilates GOSAT XCO, retrievals, while
CMS-Flux assimilates the XCO, retrievals from both GOSAT and OCO-2. More details about the system setup
for these satellite inversions can be found in Table S3 in Supporting Information S1. We aggregated the fluxes
temporally to monthly fluxes. For Byrne2020, the arithmetic average of the three inversions with different prior
biosphere fluxes was used for the analyses.

In addition, we employed the estimated carbon fluxes constrained by in situ CO, and satellite SM and vegetation
data within the Carbon Cycle Data Assimilation System (CCDAS) (Rayner et al., 2005). CCDAS is a variational
data assimilation system built on the terrestrial biosphere model, Biosphere Energy Transfer and Hydrology
scheme (Knorr, 2000), and coupled to the atmospheric transport model, Transport Model, version 3 (Heimann &
Korner, 2003) for assimilating atmospheric CO, data. CCDAS jointly assimilated remotely sensed SM and vege-
tation optical depth (VOD) data, combined with in situ CO, air samples, to constrain global surface carbon fluxes
through parameter optimization of its underlying biosphere model. The SM data is from the SMOS-IC product
(Souza et al., 2018). The VOD data is from the SMOS-IC L-VOD product (Wigneron et al., 2021), for which
the annual mean VOD was assimilated in CCDAS. This result proved to well constrain the European terrestrial
carbon sink (Scholze et al., 2019). The readers are referred to Scholze et al. (2019) for more details.
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In this study, we refer land carbon uptake to NEP. In order to make the targeted fluxes consistent with each other
across all inversions, we summed up fire emission and biosphere fluxes (net biome production) for some inver-
sion results, for example, for CTE2018, CT2019B, and the EUROCOM inversions.

2.3. Carbon Fluxes Simulated by Terrestrial Biosphere Models (TRENDY DGVMs)

We used terrestrial carbon fluxes simulated by seven process-based dynamic global vegetation models, including
ORCHIDEE (Krinner et al., 2005), ORCHIDEE-MICT (Krinner et al., 2005), CABLE (Y. Wang et al., 2010),
DLEM (Tian et al., 2015), ISAM (Jain et al., 2013), VEGAS (N. Zeng et al., 2005), and VISIT (Kato et al., 2013),
which were involved in the TRENDY v6 project (Sitch et al., 2015). The simulations under scenario S3, which
considered impacts from climate, CO,, and land use change, were used. These simulations were conducted using
the CRUNCEP v8 data set and provided monthly fluxes at a spatial resolution of 0.5° X 0.5°.

2.4. Machine Learning-Based Upscaling of Eddy-Covariance Measurements (FLUXCOM)

The FLUXCOM product (www.fluxcom.org) is produced by upscaling FLUXNET eddy-covariance flux meas-
urements over the globe. Using machine learning (ML) algorithms, it scales in situ flux measurements into
time-resolved 0.5° X 0.5° grids of NEP, ecosystem respiration (Reco), and GPP with remote sensing data and
meteorological data (FLUXCOM-RS + METEO) (Jung et al., 2019, 2020; Tramontana et al., 2016). Here
we used the latest data version, FLUXCOM2020. There are 3 ML algorithms (Multivariate Adaptive Regres-
sion Splines [MARS], Artificial Neural Networks [ANN], and Random Forests [RF]) for generating the
FLUXCOM-RS + METEO product, and two methods used for separating GPP and Reco from tower-based NEP
(Lasslop et al., 2010; Reichstein et al., 2005). FLUXCOM-RS + METEO is generated using two reanalysis mete-
orological data, CRUJRA v1.1 and ERAS, respectively. In this study, we used the ensemble estimates generated
with different ML algorithms and gross flux separating methods over the period from 2001 to 2015 at a monthly
temporal resolution.

2.5. Satellite-Based GPP Models

Two satellite-based data-driven GPP models, FluxSat (Joiner et al., 2018) and GOSIF GPP (Li & Xiao, 2019b),
were employed in this study. FluxSat is derived from a data-driven approach relying on FLUXNET measurements
and Moderate Resolution Imaging Spectroradiometer (MODIS) reflectances in seven spectral bands and cali-
brated against FLUXNET measurements. It is noteworthy that FluxSat does not use any meteorological forcing.
A dual-calibration procedure is applied by discriminating low versus high productive FLUXNET sites, where the
identification is based on satellite SIF products derived from the Global Ozone Monitoring Experiment 2 obser-
vations. GOSIF GPP is derived from the global OCO-2 based SIF product (GOSIF) and the linear relationships
between OCO-2 SIF and tower-based GPP. The GOSIF product (Li & Xiao, 2019a) is based on discrete OCO-2
SIF soundings, MODIS data, and meteorological reanalysis data. GOSIF GPP has a high spatial and temporal
resolution (i.e., 0.05°, 8-day) over 2000-2020 (Li & Xiao, 2019b). We used the latest version (v2) for GOSIF
GPP here.

2.6. Satellite Land Surface Data

Four satellite land surface metrics were employed for drought impact related analyses: microwave satellite SM,
SIF, and NIRv.

The stress of soil water on carbon uptake was investigated using the Global Land-surface Evaporation Amsterdam
Methodology (GLEAM) root-zone SM data in this study. GLEAM root-zone SM was produced from the satellite
surface SM product ESA-CCI SM through data assimilation (Martens et al., 2017; Miralles et al., 2011). We
used the v3.3a products with aggregated monthly fluxes at a spatial resolution of 0.25° X 0.25° over 1981-2018
(Dorigo et al., 2017).

Remotely sensed SIF has shown great promise for probing spatiotemporal variations of GPP (Guanter et al., 2014;
Li et al., 2018) and is also sensitive to water (Alden et al., 2016; J.-E. Lee et al., 2013; Sun et al., 2015) and
temperature stresses (Song et al., 2018). Here we used a reconstructed contiguous SIF data set over 2000-2018
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(Y. Zhang et al., 2018) based on OCO-2 data and MODIS data (named contiguous solar-induced fluorescence
[CSIF], version 2), which covers the study period. We aggregated the data into monthly time steps.

Finally, we included a new photosynthesis indicator, near-infrared reflectance index (NIRv). NIRv is expressed as
the product of NDVI and near infra-red reflectance (Badgley et al., 2017), which is proved to be a useful indicator
of GPP and has been used to indicate global photosynthesis (Badgley et al., 2019; Y. Zeng et al., 2019). NIRv
used here was calculated directly from the MODIS vegetation product (MOD13C2, v6).

2.7. Meteorological Data

We used air temperature and precipitation data with a spatial resolution of 0.5° X 0.5° from the CRUNECP
reanalysis data set (v9) to assess the impacts of water and temperature anomalies on GPP. The CRUNCEP v9 data
set was produced by the Institute Pierre Simon Laplace (IPSL) of France (Wei et al., 2014), which is a merged
product of Climate Research Unit observation-based monthly 0.5° X 0.5° climate variables (New et al., 2000)
(1901-2017) and the 6-hourly reanalysis of National Centers for Environmental Prediction. This data set was also
used to drive the TRENDY models.

The vapor pressure deficit (VPD) was used to indicate atmospheric moisture limitations on vegetation growth
and carbon uptake. It was derived from air temperature (Ta), specific humidity (Q), and atmospheric pressure
(P) provided by the CRUNCEDP data set. VPD is defined as the difference between the saturated vapor pressure
(e_sat) and the actual atmospheric vapor pressure (e):

VPD =e sat —e 9]

First, the saturated vapor pressure (vpsat, in kPa) at a given temperature is calculated according to the Buck
Equation (Buck, 1996):

e sat = 0.61121"exp((18.678 — Ta / 234.5)* (Ta / (257.14 + Ta))) 2)

Then, the actual atmospheric vapor pressure (e, in kPa) is calculated using the equation derived from the relation
between vapor pressure, specific humidity, and atmospheric pressure, described in Monteith and Unsworth (2008):

e=Q'P/le+(1-#)"Ql 3

where ¢ is the ratio between the molecular weight of water vapor and that of dry air (0.622).

2.8. In Situ Flux Measurements

We included in situ eddy covariance flux measurements from the ICOS-Drought2018 project (https:/www.
icos-cp.eu/data-products/Y VR0-4898) (Drought, 2020). A total of 19 stations with long-term observations gener-
ally spanned over the study period (at least having 5-year data) and data roughly covered the drought occurrence
areas in 2012 and 2015 were chosen. These data cover different ecosystem types: 6 crop sites (BE-Lon, CH-Oe2,
DE-Geb, DE-KIi, DE-RuS, and IT-BCi), 4 grass sites (CH-Fru, DE-Gri, DE-RuR, and IT-Tor), 3 deciduous
broadleaf forest sites (DBF, including CZ-Stn, DE-Hai, and DE-Hzd), 6 evergreen needle leaf forest sites (ENF,
including CZ-Bk1, DE-THa, DE-Obe, DE-RuW, NL-Loo, and RU-Fyo). Most of these sites locate in Central
Europe. The locations of these sites are shown in Figure Sla in Supporting Information S1, and more details
about these stations are provided in Table S4 in Supporting Information S1. Monthly NEE data from NEE_VUT_
REF and monthly GPP data from GPP_NT_VUT_REF were used in this study. They were used as a reference
to evaluate the seasonal variation of drought impacts on ecosystem carbon fluxes by grouping into forest and
non-forest (crop/grass) categories.

2.9. Data Processing and Analysis Framework

To facilitate calculations, all data sets used in this study were resampled to 0.5° X 0.5° grids at a monthly
step. The spatial aggregation was done by simply replicating and averaging over grid domains. For example, the
process to resample a data set with a spatial resolution of 3.75° X 1.875° — 0.5° x 0.5° is: (a) splitting each grid
into subgrids with 0.125° x 0.125°, which produces 20 X 15 subgrids and (b) averaging the values within each
4 % 4 square of the subgrids, which makes a 0.5° x 0.5° grid.
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In this study, we focus on anomaly analyses related to the terrestrial carbon cycle and climate conditions. We
calculated the anomalies of carbon fluxes, meteorological data, hydrological data, and vegetation metrics relative
to the baseline, here using the mean values over the study period (2001-2015). For monthly anomalies, mean
seasonal cycles were previously subtracted. The annual values were calculated by summing monthly anoma-
lies. To calculate IAV and correlation between two time series variables that exclude the influence of external
forcing (i.e., global warming), the anomalies of carbon fluxes and vegetation variables were linearly detrended
using the “detrend” function within the “signal” collection of the “scipy” package in Python. To clearly present
spatial differences of these anomalies among different variables, we also used the standardized anomalies (called
“Z-score”), the anomalies divided by the standard deviation of the variable over the study period. In addition,
Pearson's correlation coefficients were used to quantify the correlation relationship or temporal consistency
between different data sets.

In the following, we first assess the drought conditions in Europe during 2001-2015 using environmental varia-
bles (e.g., temperature and water status) and vegetation function proxies (e.g., SIF and GPP). Then we take these
environmental variables and vegetation function proxies to evaluate the capacity of atmosphere inverse models
(AIMs) in characterizing the IAV of NEP at both the continental scale and subregional scales using correlation
analyses. Finally, we choose the core areas impacted by the drought events in 2012 and 2015, and we assess the
reasonability of AIMs for quantifying regional total annual anomalies and the seasonal anomalies of NEP. During
the assessment, these environmental variables and vegetation function proxies are used as references, while the
estimates from TRENDY models and FLUXCOM are used for comparison.

3. Results

3.1. Spatiotemporal Anomalies of Environmental Variables and Vegetation Function During 2001-2015

The anomalies of hydrological indicators (Prep, SM, and VPD) and vegetation variables (CSIF and NIRv)
revealed several drought events in Europe, mainly during summer time (Figure 1a). Considering mainly based on
the anomalies of precipitation and SM, together with suppressed vegetation activity, the droughts in 2003, 2006,
2012, and 2015 were chosen for analysis. These drought (and/or heatwave) events have been reported previously
(Ciais et al., 2005; Laaha et al., 2017; Peters et al., 2018; Teuling et al., 2010; Zahradnicek et al., 2015). With
respect to the magnitude of hydrological anomalies (Figure 1a), the 2003 drought was the severest one, followed
by the droughts in 2006, 2012, and 2015.

Figure 1b shows the spatial patterns of drought impacts revealed by meteorological, hydrological, and vegeta-
tion metrics in these drought years. In general, strong negative hydrological anomalies (e.g., in SM) generally
corresponded to large positive anomalies in air temperature (Ta) and VPD, and vice versa. Precipitation and
SM exhibited generally consistent anomalies in the regions influenced by droughts, coinciding well with the
impacted pattern on vegetation function indicated by the changes in CSIF and NIRv, for example, most of
Europe in 2003, North Europe in 2006, South Europe in 2012, and Central and East Europe in 2015. The
summer anomalies of GPP estimated by FluxSat and GOSIF showed similar patterns (Figure S2a in Support-
ing Information S1). Overall, the drought in 2003 was the largest with respect to drought extent and severity
(pixels with large negative Z-score values), followed by the 2006 and 2015 droughts. It is worth noting that
the 2012 drought was more southern than the others. These droughts largely affected non-forest ecosystems,
that is, croplands in western, central, and eastern Europe and grasslands in southern Europe, which are often
more vulnerable to droughts and regarded as the major ecosystems dominating the IAV of regional land carbon
uptake (He, Ju, et al., 2018).

3.2. Inter-Annual Variations of Terrestrial Carbon Uptake Estimated by AIMs
3.2.1. Continental Scale

First, we examined the full 20012015 period for the global AIMs assimilating surface CO, data. Figure 2a shows
the AV of NEP in Europe estimated by a set of global AIMs over 2001-2015. These classic global AIMs (CT,
CTE, CAMS, and Jena) showed quite divergent IAV of NEP and in some years even anomalies with opposite signs
(e.g., in 2003 and 2006). These global AIMs inconsistently captured the expected negative impacts of drought
on NEP in years including 2003, 2006, and 2012, but not in 2015. In comparison, the inversions by Jena NEE-T
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Figure 2. Annual net ecosystem production (NEP) anomalies estimated by global in situ CO, based global Atmospheric CO, inverse models (AIMs), EUROCOM in
situ based regional AIMs, satellite-based AIMs, the TRENDY models, and FLUXCOM over 2001-2015 or 2010-2015. The shallow green shaded band in the bottom
plot stands for the mean plus/minus the standard deviation for the NEP anomaly.

and Jena NEE-T-W, in conjunction with the ensemble mean NEP of TRENDY models (Figure 2b), identified
the four drought years (2003, 2006, 2012, and 2015), which roughly agreed with the timing of satellite-based
land surface variables (see Figure 1a, Figure S2b in Supporting Information S1). The FLUXCOM RS + METEO
estimates, driven either by CRUJRA and ERAS, captured drought years, like 2003, 2012, and 2015 (Figure 2c).
However, large discrepancies were found among atmospheric inversions and bottom-up estimates by TBMs or
flux upscaling, and drought-induced NEP anomalies cannot be robustly captured for all cases.

We now focus on the 2010-2015 period (Figures 2d-2f), which is covered by all AIMs examined here. This
period contains the two drought years of 2012 and 2015. In these two years, the TRENDY model ensemble mean
NEP, the FLUXCOM RS + METEO NEP estimates, as well as both FluxSat and GOSIF GPP, exhibited negative
anomalies (see Figures 2b and 2c, Figure S2b in Supporting Information S1). In contrast, the AIMs assimilat-
ing only surface CO, measurements showed a large spread between models for both 2012 (range: —263.71 to
13.32 TgC/yr) and 2015 (range: —15.87 to 217.18 TgC/yr). However, the AIMs applied regression relationships
with temperature and water stress data, that is, Jena NEE-T (—18.69 TgC/yr) and Jena NEE-T-W (—47.75 TgC/
yr), also showed a negative anomaly in 2015 (Figure 2a). The EUROCOM regional inversions all captured a
consistent reduction in NEP during 2012 (range: —169.57 to —80.47 TgC/yr) (Figure 2d). However, these inver-
sions showed divergent estimates for other years, and did not capture an NEP reduction for 2015 (range: —197.57
to 166.67 TgC/yr). Finally, the satellite-based inversions (Byrne2020, CMS-Flux2020, GCASv2, and CCDAS)
captured the reduction in NEP by both the 2012 (range: —170.32 to —112.88 TgC/yr) and 2015 (range: —218.00
to —91.85 TgC/yr) droughts (Figure 2e). We further found that the inclusion of satellite XCO, measurements was
critical for capturing the drought-induced NEP reductions for the Byrne2020 flux inversions, as a set of inversion
that only assimilated the surface in situ data were unable to capture the negative anomaly in 2015 (Figure 2f).

To evaluate the robustness of the IAV indicated by these global inversions, regional inversions, and satellite
inversions, we calculated the correlation coefficients between the IAVs of estimated NEP by these models and
environmental variables and covariates (Figure 3). We found that the IAVs in Jena NEE-T and NEE-T-W, some
regional inversions (e.g., EnKF-RAMS, FLEXINVERT, CarboScope-Regional, and NAME-HB), and satellite
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Figure 3. Heat map of the correlation between environmental variables and estimated net ecosystem production by global Atmospheric CO, inverse models (AIMs),
EUROCOM in situ based regional AIMs, satellite-based AIMs, the ensemble mean of TRENDY models, and FLXUCOM.

inversions (e.g., GCAS v2 and CCDAS_SM + VOD), as well as the TRENDY model ensemble mean, highly
correlated with the IAVs of most environmental variables and covariates, indicating the good representation of
IAVs for these NEP estimates. Among global AIMs using only in situ CO, observations, CTE2018 correlated
with environmental variables mostly strongly, which could be resulted from more in situ CO, observations assim-
ilated over Europe and the higher model resolution in the domain of Europe in comparison to other global inver-
sions. We also noticed some inversions, for example, CAMS, Jena Standard, and PYVAR-CHIMERE, show very
low or even negative correlations with environmental variables and covariates, which may indicate a low capacity
in constraining the NEP TAV over the continental scale of Europe. In addition, the IAVs in Jena NEE-T and
NEE-T-W, the TRENDY model ensemble mean, and FLUXCOM estimates trained with meteorological data,
show a high correlation with that of precipitation, while it is not so for most regional inversions and all satellite
inversions, which may indicate an overestimated sensitivity to precipitation for these models directly constraining
the IAV of NEP with meteorological data.

To further understand the role of observational constraints used for the AIMs in uncovering drought-induced NEP
reductions, we examined the performance of their prior fluxes in capturing drought impacts (Figures S3 and S4
in Supporting Information S1). Effective constraints can be found in these posterior estimates. Here we took the
regional inversions and satellite inversions as examples. Previous studies have shown that prior IAV applied in
inversion systems can strongly impact posterior IAV estimates (Byrne et al., 2019), thus it is important to exam-
ine the impact of these prior constraints on flux estimates. The prior NEP estimates for the EUROCOM regional
AlIMs generally did capture the NEP reductions in 2012 and 2015. For 2012, the prior spread (range: —251.03
to 56.64 TgCl/yr) was clearly larger than the optimized fluxes (range: —169.57 to —80.47 TgClyr), suggesting
that the AIMs were better able to capture this event than the prior fluxes. However, for 2015, the prior fluxes
showed a more consistent reduction in NEP (range: —150.52 to 8.52 TgC/yr) than the optimized fluxes (range:
—197.57 to 166.67 TgCl/yr). Thus, the assimilation of CO, measurements generally resulted in large changes in
NEP anomalies for the EUROCOM AIMs, however, the impact of these data was not always consistent between
models. For the AIMs assimilating satellite data, we found that the priors generally did not capture the drought
impacts (except that the GCAS prior captured reduced NEP in 2012, note Byrne2020 did not employ prior IAV).
This suggests that the AIMs obtained consistent posterior NEP reductions for 2012 and 2015 despite the fact that
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Figure 4. Correlation between the anomalies in the ensemble mean of TRENDY models or contiguous solar-induced fluorescence and annual net ecosystem

production estimated by Atmospheric CO, inverse models (in situ based global inversions, EUROCOM regional inversions, and satellite-based inversions) across the
four subregions. The Jena NEE-T and NEE-T-W inversions have several versions: SEXT indicates the inversion included in situ observations of global 87 stations by
default, and SEXT10 indicates the inversion additionally included most recently in situ observations since 2010.

these events were generally not well captured by the prior fluxes. This result gives increased confidence in the

ability of these systems assimilating satellite data to uncover drought-induced reduction in NEP over Europe.

3.2.2. Subcontinental Scale

We further looked into the ability of AIMs in tracking the IAV of NEP across different regions (defined in
Figure S1b in Supporting Information S1). We analyzed the correlations between the IAVs in the inverted NEP
fluxes by inversions and the IAVs in environmental variables and covariates (Figure 4). The IAV in FluxSat and
GOSIF GPP showed significant correlations with the IAVs in most environmental variables (e.g., Ta, Prep, SM,
and VPD) and vegetation functions (e.g., NIRv and CSIF) (see Table S5 in Supporting Information S1), thus we
expect that the AIMs to show some consistency with the IAVs of these environmental variables and covariates
on subcontinental scales.

First, we analyzed the correlations between annual NEP from in situ based global AIMs and that from the environ-
mental variables and covariates across the four subregions. We found that the in situ based global inversions were
generally in low correlation with the environmental variables and covariates. However, there were exceptions,
Jena NEE-T and Jena NEE-T-W inversions, for which the performances in most of the four subregions and the
entire area showed much stronger correlations. Compared with the Jena standard inversion, these inversions with
additional constraints from surface variables (temperature or/and water) largely increase the correlation with envi-
ronmental variables and covariates. This could be an important improvement, which means the surface variables
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add useful information that enables AIMs to reflect more detailed spatial patterns. In comparison, the correlations
with most environmental variables and covariates were quite low in the northern region and the southern region,
even for these Jena NEE-T and Jena NEE-T-W inversions, which may indicate low confidence in constraining
NEP IAV in these regions due to limited in situ CO, observations. When looking at the correlations with vegeta-
tion variables, this phenomenon is even more obvious.

Then, we analyzed the correlations between annual NEP from regional inversions constrained by enhanced in
situ CO, observations or global inversions constrained by satellite data and that from the environmental vari-
ables and covariates across the four subregions. Stronger correlations were found between these regional or
satellite inversions and the environmental variables and covariates for these different subregions, typically in
the western, central, and southern Europe, and the correlations reached as high as 0.91 (between NIRv and
CarboScope-Regional) for the whole area. Some regional inversions (e.g., FLEXINVERT, CarboScope-Regional,
and NAME-HB) and satellite-based inversions (e.g., Byrne2020 and GCASv2) had a comparable performance
with the Jena NEE-T and NEE-T-W inversions. One clear difference was that the Jena NEE-T and NEE-T-W
inversions had stronger correlations with environmental variables (e.g., Prep, VPD, and SM) for northern Europe
while the regional and satellite-based inversions did not correlate as strongly. In comparison, the latter had
stronger correlations in southern Europe where the Jena NEE-T and NEE-T-W inversions did not. To make
sure the improvement in tracking IAV of NEP is from observations but not from the priors, we also checked the
correlation between the AIMs priors and the environmental variables and covariates (Figure S5 in Supporting
Information S1). The results show that the priors are more strongly correlated with the environmental variables
and covariates, which may associate with that the priors are taken from biosphere models that are driven directly
by climate variables. After constraining with enhanced surface CO, observations, the correlation reduction means
that observations take effect and the correlation by the prior could have been overestimated. Overall, the correla-
tion analysis with different variables showed a similar pattern, with a clearly higher correlation with GPP and its
proxies (i.e., NIRv, CSIF) than environmental variables (i.e., Ta, Prep, VPD, and SM). One noticeable common
low correlation among all variables was found in northern Europe, which may be explained by the difficulty for
these inversions to capture relatively mild IAV with limited CO, observations over there. We also noticed some
negative or very low correlations with GPP and its proxies in different regions, which may indicate a limited
capacity of the inversions in constraining NEP IAV in these regions or physical reasons for why NEP should not
necessarily correspond to GPP, e.g., if respiration fluxes have offsetting effects.

Furtherly, we analyzed the improvement in the correlations between the optimized NEP fluxes of global AIMs,
EUROCOM regional inversions, and satellite-based inversions) and the ensemble mean of environmental variables
and covariates in comparison to prior estimates (Figure S6 in Supporting Information S1). We found substantial
improvements in the correlations in optimized fluxes compared to those in priors for the satellite-based inversions
(Figures S6b and S6d in Supporting Information S1), while most priors in EUROCOM inversions have better
correlations than posteriors (optimized fluxes). In some way, this means the surface CO, observations used for
EUROCOM are still insufficient if we are expected to constrain carbon flux estimates at the subcontinental scale.

3.3. Regional Analysis of Drought Impacts on Terrestrial Carbon Uptake Revealed by AIMs

We investigated the NEP anomalies estimated by different AIMs in the selected drought-impacted regions (shown
in Figure 1b) in 2012 and 2015 in comparison to those of the TRENDY model ensemble and the FLUXCOM
estimates (Figure 5). For 2012, we found ensemble mean NEP anomalies of —49.74 PgC/yr for the global surface
CO, AlMs, —149.73 TgC/yr for EUROCOM regional AIMs, —80.18 TgC/yr for the AIMg with space-based
constraints, —130.72 TgC/yr for the TRENDY model ensemble mean, and an average of —38.35 TgC/yr for the
two FLUXCOM estimates. For 2015, we found ensemble mean NEP anomalies of +37.91 TgC/yr for the global
surface CO, AIMs, +39.70 TgC/yr for EUROCOM regional AIMs, —104.65 PgCl/yr for the AIMg with space-based
constraints, and —31.71 TgCl/yr for the TRENDY model ensemble mean, and an average of —17.20 TgC/yr for the
two FLUXCOM estimates. Although a large spread of the magnitudes of flux anomaly across AIMs existed, the
global inversions constrained by both in situ CO, and ancillary data (i.e., Jena NEE-T and NEE-T-W), some in
situ based regional inversions (e.g., CarboScope-Regional and LUMIA), satellite-based inversions, the TRENDY
model ensemble mean, and the two FLUXCOM estimates captured reduction in NEP in the two drought years.
Overall, these models pointed to a negative sign of flux changes in 2012. Most in situ based global inversions
failed to capture the negative sign of flux changes in 2015. However, the Jena NEE-T and NEE-T-W inver-
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Figure 5. Annual net ecosystem production anomalies estimated by in situ based global inversions, EUROCOM in situ
based regional Atmospheric CO, inverse models (AIMs), satellite-based AIMs, the TRENDY models, and FLXUCOM in
the selected drought-impacted regions in 2012 and 2015 as indicated in Figure 2. The error bar for the TRENDY models
indicates one standard deviation.

sions did show a negative flux anomaly though very small. The optimized fluxes of the in situ based regional
inversions demonstrated some improved consistency in capturing the total flux anomalies compared to those in
priors (Figure S7a in Supporting Information S1). For example, the uncertainty for a flux reduction in 2012 was
reduced obviously, with the standard deviation reduced from 84.6 TgC in the priors to 27.7 TgC in the posteriors.
Similarly, the optimized fluxes of the satellite-based inversions showed substantial improvements compared to
those in priors (note Byrne2020 did not employ prior IAV), for example, the GCASv2 prior indicated an opposite
direction of flux anomaly (carbon uptake increase) in 2015 compared with others, but after optimization, all these
inversions indicated the carbon uptake reduction (Figure S7b in Supporting Information S1).

We further analyzed the seasonal anomalies of carbon fluxes according to meteorological, remotely sensed hydro-
logical, and vegetation variables in the drought-impacted regions over the two drought years (Figure 6). For 2012,
most EUROCOM regional inversions and satellite-based inversions (except for CCDAS) appeared a double-valley
of NEP anomalies, which was similar to those indicated by the TRENDY model ensemble (Figure 6d), FLUX-
COM (Figure 6e), NIRv and CSIF (Figure 6i) and two GPP data sets (Figure 6;). In addition, the optimized fluxes
of the satellite-based inversions were quite consistent in capturing the seasonal anomalies and agreed better with
EUROCOM regional inversions and bottom-up estimates (i.e., by TRENDY and FLUXCOM) compared to those
in priors (Figure S8b in Supporting Information S1). In contrast, the in situ based global inversions showed large
model-to-model differences in the NEP anomalies over 2012, which were also largely different from those of in
situ based regional inversions and satellite-based inversions. This suggests that the assimilated CO, observations
in these global AIMs were insufficient to uncover the regional NEP anomaly. Similarly, for 2015, there was good
consistency in the seasonal anomalies between the EUROCOM regional inversions, the TRENDY model ensem-
ble mean (Figure 7n), FLUXCOM (Figure 70), NIRv and CSIF (Figure 7s), and GPP data sets (Figure 7t). In
particular, all data sets showed a maximum reduction in August. However, the global in situ inversions generally
showed divergent NEP anomaly estimates (Figure 7k). Also, the ensemble mean of EUROCOM optimized fluxes
exhibited clearly more reasonable seasonal anomalies of carbon fluxes, that is, spring enhancement followed
by summer reduction (Figure 7i), in 2015 than that of prior fluxes (Figure S8c in Supporting Information S1)
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Figure 6. Seasonal anomalies of net ecosystem production estimated by an ensemble of in situ based global Atmospheric
CO, inverse models (AIMs), EUROCOM regional AIMs, satellite-based AIMs, the TRENDY models, and FLUXCOM, and
seasonal anomalies of corresponding hydroclimate and vegetation variables for the selected drought-impacted regions in 2012.
considering the corresponding seasonal meteorological anomalies. It is worth noting that the seasonal redistribu-
tion phenomenon (Butterfield et al., 2020; Wieder et al., 2021) in 2015 as mentioned above is well captured by
the EUROCOM ensemble mean, which is in line with those in the TRENDY ensemble mean and FLUXCOM.
In addition, the optimized fluxes of the satellite-based inversions (Figure 7m) clearly showed improvements in
capturing the seasonal anomalies compared to their priors, for example, the priors of most inversion models failed
to capture uptake reduction during the drought (Figure S8d in Supporting Information S1). It should be noted that
the seasonal anomalies of satellite-based inversions do not outperform in situ based global inversions and regional
inversions. For example, in 2012, satellite-based inversions do not show a double valley of NEP anomalies; in
2015, three of four satellite-based inversions show large positive anomalies in July, which are not consistent with
other estimates. These indicate there is still space for further improvements in satellite-based inversions.
In order to further verify the revealed seasonal anomalies, we investigated the seasonal variations of NEP in
2012 and 2015 using eddy covariance measurements (Figure 8). Crop/grass showed clearly stronger seasonal
anomalies than forest did in both years. These measurements in 2015 showed consistent anomalies as those
in the remotely sensed variables, while not in 2012, due to the very limited available flux sites in eastern and
southeastern Europe where the 2012 drought mainly impacted. In 2015, spring warming slightly increased NEP,
which partly offset the loss during the following summer drought. This kind of seasonal compensation has also
been found in eastern North America (Byrne, Liu, Bloom, et al., 2020) and in the 2012 North American drought
(He, Ju, et al., 2018; Wolf et al., 2016) and the 2018 European drought (Smith et al., 2020; S. Wang et al., 2020).
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Figure 7. Similar to Figure 6, but for the drought 2015.
In addition, we investigated which land cover types within the selected regions were dominantly affected by the
droughts in 2012 and 2015. The regions were selected according to the anomalies in VPD and SM (Figure 1b).
Here the MODIS landcover was used as the base map for the statistics. For 2012, the top three dominant land
covers are barren or sparsely vegetated (20.83%), crops (11.61%), and grasslands (7.33%); in 2015, the top three
land covers are crops (31.11%), mixed forests (20.46%), and cropland or natural vegetation mosaic (12.46%). In
both years, a large portion of drought areas was covered by crops or grasses, which contributed to the large nega-
tive flux anomalies. In the year 2015, the considerable amount of forest increased carbon uptake during warm
spring, which compensated for carbon loss in the following summer. For 2015, the impacted area of crops and
relative types outweigh that of forests, thus the annual NEP was likely reduced, which was consistent with the
estimates by partial in situ based global inversions (Jena NEE-T and NEE-T-W) and EUROCOM regional inver-
sions (i.e., FLEXPART, CarboScope-Regional, and LUMIA), satellite-based inversions, the TRENDY ensemble
mean, and the FLUXCOM RS + METEO estimates (see Figure 7).
3.4. Detected Recent Droughts by OCO-2 XCO, Inversions
The recently available OCO-2 XCO, inversions provide a great chance to examine the capacity of satellite XCO,
inversions on detecting the impact of droughts that occurred since 2015 on the European land carbon sink.
We conducted some analyses using the more recent satellite inversions with OCO-2 XCO, retrievals, namely
OCO-2 v10 MIP (Byrne et al., 2023; more details about the inversion models refer to Table S6 in Supporting
Information S1) and the GGAS OCO-2 inversion (Jiang et al., 2021), to investigate the recent droughts in 2015
and 2018. Both the ensemble median of OCO-2 v10 MIP inversions and the GGAS OCO-2 inversion successfully
detected the carbon sink reductions in 2015 and 2018 caused by large-scale drought impacts, albeit with consid-
erable inter-model discrepancies, while not well captured by their prior estimates (Figure 9).
HE ET AL. 15 of 24

85U8017 SUOWIWIOD BAIE81D 3Rl (dde ay) Aq pausenob a.fe sajoie O ‘8sn Jo So|nJ Joy Aeiq18UlJUQ /8|1 UO (SUOTIPUOD-PUe-SLLBIAL0D A 1M AfeJq Ul Uo//:SANY) SUORIPUOD pUe SLWe | 8U) 89S *[£202/0T/S0] U0 ARid1auljuO A8|IM ‘0STE00S WZZ0Z/620T 0T/10p/wod As | m Azelq i puljuo'sgndnBe//:sdny wo.y pepeojumod ‘9 ‘€202 ‘99vZZr6T



I Y ed N | . .
M\\JI Journal of Advances in Modeling Earth Systems 10.1029/2022MS003150
AND SPACE SCIENCE
51 —— Multiyear mean (a) (b) —e— Multiyear mean
T 41 —— 2012 o 2015
'Tm : 'Tm
1S 1S
2 9. 9
o 31 3
& o .
a <., =
5 T T
v 2 T
= . E
i— S
-1 =
g2 , , | | g . , | |
51 Mar Jun Sep Dec % Mar Jun Sep Dec
51 —— Multiyear mean (C) 5 (d) —e— Multiyear mean
o 4] —=— 2012 T 4 —— 2015
0] "
{\Ij 3 (\I4 . |
E 2 E 2
% =
1 1
g = .
© g o g o
e -1 -1
) )
v 2 o
g 1 g 1
e — e el .
& 9 % 0
-1 -1
& —2 , , . o 2 . ; .
51 Mar Jun Sep Dec % Mar Jun Sep Dec
Figure 8. Seasonal variations of net ecosystem production in 2012 and 2015 based on eddy covariance measurements. The
mean flux of 10 crop/grass sites (6 crop sites and 4 grass sites) and that of 9 forest sites (6 ENF sites and 3 DBF sites) were
calculated, respectively. A same group of eddy flux sites roughly located in the impacted area by the two events (total of 19
sites) was chosen for the analyses, where these sites better represent the impact by the 2015 event. Note that the land cover
type is characterized by the actual landcover reported in each site. The shallow bands indicate one standard deviation.
We chose the 2015 drought and the 2018 drought to further analyze seasonal anomalies (Figure 10). The inversions
revealed clear seasonal dynamics for both drought years while their prior estimates did not. The seasonal climate
conditions of the two droughts have been well-documented by previous studies (Smith et al., 2020; Thompson
et al., 2020). The 2015 drought has a similar seasonal climate feature as the 2018 drought, namely, a spring
warming followed by a summer drought. The OCO-2 inversions show slight advantages in indicating the spring
NEP enhancement in 2015, moreover, they are able to track the impact of the 2018 spring warming and summer
drought very well. Compared with the 2015 drought, the 2018 drought was better detected in seasonal anomalies,
possibly due to the much larger drought scale for the 2018 event and the impact on the ecosystem carbon sink is
much severer. In principle, stronger carbon sink anomalies can be easier to be detected by satellite signals.
4. Discussion
4.1. Benefits of Increasing In Situ CO, Observations to Capturing Regional Drought Impacts
The global inversions based on only limited surface CO, data generally face difficulties in reflecting regional
drought impacts on terrestrial carbon uptake, which is in line with the findings of Byrne et al. (2019) and E. Lee
et al. (2020). This originates from the sparse network of CO, observations used for constraining carbon fluxes,
which do not provide sufficient information to precisely constrain subcontinental CO, flux anomalies. Encour-
agingly, the recent developing regional inversions with enhanced surface CO, observations by the EUROCOM
project better capture the drought-induced carbon uptake reduction for 2012 relative to the common global inver-
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sions, however, these inversions also show some deficiencies. In particular,
the EUROCOM inversions show a large spread in NEP anomalies for most
years and do not consistently capture a reduction in NEP for 2015.

Several recent studies provide extra evidence for the importance of increas-
ing CO, observational coverage for capturing drought impacts. For the
CTE inversion system, it showed no drought response of the European
carbon uptake in the 2018 summer with the default CO, data (around 10
stations) as used for global purposes, but it showed drought response when
including extensive surface CO, data (in total 48 stations) in Europe (Smith
et al., 2020). Similarly, the Jena CarboScope s10 inversion performed better
in capturing the 2018 European drought impact than the s99 inversion due
to the additional CO, stations (Rddenbeck et al., 2020). These indicate that
increased CO, observations are critical for constraining anomalies in carbon

Despite the recent expansion of the network of surface CO, measurements,
we find that there are still difficulties for in situ based regional inversions to
accurately track seasonal anomalies of carbon fluxes in 2012 and 2015. This
is likely partially due to an uneven distribution of sampling locations, with
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Figure 9. Annual net ecosystem production anomalies over Europe estimated
by the GCASv2 OCO-2 inversion and OCO-2 v10 MIP (a) during the period
2015-2020 in comparison to prior estimates (b). Although large inter-model
discrepancies existed, the posterior flux estimate captured the drought impacts

in 2015 and 2018 while the prior did not.

the sparse surface CO, observations in the drought-impacted regions in east-
ern Europe (see Figure S1b in Supporting Information S1). More surface CO,
observations, especially in eastern Europe, are critically needed for better
constraining the subcontinental scale carbon fluxes. As climate-sensitive
regions, the south and the central east areas dominated the IAV of NEP in
Europe, but these areas did not have as many observations as the central west
region; more attention needs to be paid to the south and central east areas in
the future.

A notable finding of this work is that EUROCOM ensemble models show a large spread in inverted fluxes. This
demonstrates the sensitivity of individual flux inversions to aspects of the inversion set-up, such as the choice of

prior fluxes and the specification of their uncertainties, lateral boundary conditions, transport models, and the

design of optimization schemes (i.e., what variables are exactly optimized). This further motivates the use of flux

inversion ensemble experiments to more fully characterize uncertainties in posterior flux estimates.
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4.2. Importance of Satellite XCO, for Capturing Regional Drought Impacts

The global inversion that assimilates satellite XCO, data in addition to in situ CO, data also indicate an improved
ability to capture flux anomalies at subcontinental scales. For example, the Byrne2020 inversions which
assimilated GOSAT XCO, data reasonably capture the reduction of carbon uptake in 2015, while unable to do so
when assimilating only in situ CO, data (see Figure S4 in Supporting Information S1). Although the prior flux
prescribed in the Byrne2020 inversion did not contain any interannual anomalies, the posterior flux reproduced
the right pattern of drought-induced NEP reductions. Similarly, for GCASv2, with the constraint from GOSAT
XCO,, the posterior flux usefully uncovers the NEP reduction in 2015 (Figure S4 in Supporting Information S1).
Most encouragingly, with the constraint of satellite XCO,, the different inversion systems reached a convergence
for indicating drought impact at the regional scale of Europe (Figure 2e), and improved consistency with the
inversion estimates from EUROCOM, Jena NEE-T and NEE-T-W, and CCDAS compared to their priors. These
satellite inversions also largely improve the correlations with environmental variables and vegetation functions
(Figure S6 in Supporting Information S1).

Compared to in situ CO, observations, satellite XCO, provides better data coverage and improved spatial repre-
sentativeness, which could largely contribute to the improvement of drought-impacted carbon flux detection. That
is because, data coverage and spatial representativeness are always important aspects determining the capacity
of atmospheric inverse modeling to reveal fine-scale spatial patterns, where trade-offs between adjacent regions
often happen if there are insufficient constraints (Peylin et al., 2013). A few studies have also reported successful
applications of satellite XCO, based inversions for assessing climate extreme impacts on terrestrial carbon fluxes
(Byrne et al., 2019; Ishizawa et al., 2016; Kwon et al., 2021; J. Liu et al., 2017, 2018; Yin et al., 2020). Comple-
mented with them, we confirmed the advantages of utilizing satellite XCO, in atmospheric inverse modeling for
monitoring regional climate extreme impacts.

It should be noted that some deficiencies existed in the XCO, inversions for drought impact monitoring, for
example, the inversions did not reasonably reproduce the full seasonal anomalies, for example, failed to indicate
a likely enhancement of NEP in the spring of 2015 (See Figures 6 and 7). One possible reason for explaining this
could be that the inverted fluxes are less constrained at the early glowing season due to less data coverage than
that at peak growing season in Europe (as illustrated by Jiang, He, et al. (2022) and Ishizawa et al. (2016)). In
addition, satellite-based inversions like Byrne2020 and CMS-Flux2020 seem to perform not as well as regional
inversions and Jena inversions in Western Europe where a dense network of in situ measurements exists, which
may associate with the coarse model resolution used (4° x 5° used for and Byrne2020 and CMS-Flux2020).
These issues call for further investigations.

4.3. Importance of Ancillary Environmental Variables for Capturing Regional Drought Impacts

In our analyses, the inclusion of extra environmental constraints, such as moisture conditions (e.g., CCDAS)
result in drought-induced NEP anomaly estimates that better agree with anomalies in environmental variables,
remote sensing of vegetation, and the ensemble mean of the TRENDY models. In atmospheric inversions, criti-
cal environmental variables, either from meteorological reanalysis data or satellite land surface data, are able to
better reveal drought impacts.

The CCDAS inversion with constraints from remotely sensed land variables is able to reasonably indicate
drought-induced NEP reductions in both 2012 and 2015, yet not so in the prior simulated by TBM. The CCDAS flux
estimates have also been effective in indicating environmental stresses in previous studies (He, Jiang, Wu, et al., 2022;
Wau et al., 2020). Different from the way adopted by Jena inversions, CCDAS assimilates remote sensing data (e.g.,
SM, VOD, and FAPAR) in addition to in situ atmospheric CO, concentrations to constrain carbon fluxes through
the optimization of underlying parameters in TBM. In CCDAS, the IAV of carbon fluxes could be improved through
the information on nature variability contained in the land surface data, for example, SM and vegetation variables.

It is worth noting that there were still some deficiencies in the inversions for drought impact monitoring, for
example, the CCDAS inversion did not reasonably reproduce the seasonal anomalies for example, failed to indi-
cate a likely enhancement of NEP in the spring of 2015 (Figure 7), and likely overestimated the magnitude of
drought-induced annual NEP reduction in 2015 (See Figure 5).
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For the Jena NEE-T and NEE-T-W inversions, it is implemented in a different way. They applied extra constraints
of surface temperature or plus SPEI obtained from meteorological reanalysis data, clearly outperforming the
inversion using only atmospheric CO, data in characterizing IAV and impacts of extreme droughts on NEP. This
advantage has also been documented in previous studies for impact assessments of the historical El Nifio events
(Rodenbeck et al., 2018a) and the 2018 European drought (Rodenbeck et al., 2020). They directly constrain the
response of NEP to climate variations on inter-annual timescales by applying the relationship between inter-annual
NEP anomalies and surface temperature or/and water anomalies to atmospheric inverse modeling. This operation
clearly improved its performance for capturing climate impacts on NEP at regional scales.

4.4. Other Issues and Limitations

Recently, a collection of inversion studies (Peters et al., 2020) assessed the impact of the 2018 European
drought and heatwave on the terrestrial carbon cycle. The collection mainly included the EUROCOM inversions
(Thompson et al., 2020), a new version of CTE assimilated more observations and adapted with prior flux from
the Simple Biosphere Model Version 4 that better-represented water stress (Smith et al., 2020), and the Jena
NEE-T and NEE-T-W inversions (Rodenbeck et al., 2020). They successfully tracked the impact of the 2018
European drought and heatwave. In this study, we provided a more comprehensive evaluation of the capacity of
current AIMs, both in situ based and satellite-based, in capturing drought impacts on ecosystem carbon uptake
in Europe over the period 2001-2015. We additionally included satellite-constrained carbon flux estimates for
investigations, and make the intercomparison of the different categories of inversion models in a unified analysis
framework, which offers a useful perspective on the capacity of state-of-the-art atmospheric CO, inverse mode-
ling for capturing regional drought impact on the European land carbon uptake.

In comparison to the 2012 drought, the 2015 drought impact seems to be more difficult to be well captured. This could
be due to the effect of orography since it is centered around the Alps. Usually, modeling the atmospheric signals with
transport models in mountainous area has higher uncertainties than in flat areas. Also, the seasonal compensation
partially mitigated the impact, resulting in a much weaker carbon uptake reduction than a continuous reduction like
the case of 2012. We also found for similar drought cases with seasonal compensation, the 2018 drought was clearly
better detected in seasonal anomalies than the 2015 drought. We know that the 2018 event has a much larger impacted
region and the impact on the ecosystem carbon sink is much severer. Compared to bigger drought events like the 2018
event, smaller ones like the 2015 event could be more difficult to be captured by inversion models.

Our analyses highlighted the importance of including satellite XCO, and ancillary environmental variables in the
inversions for better uncovering regional carbon flux dynamics. In the future, the sustained development of satel-
lite XCO, observations, such as OCO-2/3 (Kiel et al., 2021), GOSAT-1/2 (Suto et al., 2021), Tansat-1/2 (Y. Liu
etal., 2018), GeoCARB (Moore et al., 2018), and CO,M (Kuhlmann et al., 2020), would greatly benefit such purpose.
The satellite-based land surface metrics, for example, SIF, SM, VOD, and other environmental variables, are pretty
helpful for accurately charactering environmental stresses, serving for the evaluation of carbon cycle models toward
precisely monitoring carbon dynamics especially under climate extremes as well as directly improving carbon flux
simulations using data assimilation techniques (e.g., as the ways of Jena NEE-T and NEE-T-W, and CCDAS).

A limitation of our analysis is that the true NEP anomalies are unknown, and we are limited to using observations of
environmental variability, measurements of vegetation function, and model estimates of NEP anomalies to investi-
gate the performance of the AIMs. Therefore, the timing and magnitude of anomalies in these quantities likely have
differences from the true NEP anomalies, such that differences between the AIMs and these quantities are likely
due to a combination of errors in the AIMs and differences between these quantities and the true NEP anomalies.
Still, recent studies have shown that we should expect to see a substantial correlation between these quantities
and the AIMs during extreme events (Byrne et al., 2019; Yin et al., 2020), particularly in more moisture-limited
ecosystems (Ahlstrom et al., 2015; Byrne, Liu, Bloom, et al., 2020). Therefore, the increased agreement of the
EUROCOM regional models and space-based inverse models with the observations of environmental variability,
measurements of vegetation function, and model estimates of NEP anomalies relative to the global in situ inver-
sions provide strong evidence that these systems better capture drought-induced reductions in NEP. In addition, we
encourage the further study if methods for evaluating the ability of AIMs to the impact of extreme events on NEP,
in particular, methods that could better account for lagged impacts on ecosystems are encouraged.
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5. Conclusions

We assessed the capacities of state-of-the-art AIMs in capturing drought impacts on the European land carbon
uptake during the period 2001-2015. The assessment is made with both in situ based global or regional inversions
and satellite-based inversions. The main findings are as follows:

1. Global atmospheric inversions with only limited surface CO, observations give divergent estimates of drought
impacts on the European ecosystem carbon uptake;

2. A set of regional inversions assimilating a denser set of CO, observations over Europe, for the EUROCOM
project, demonstrate some improved consistency among all inversions in capturing a reduction in carbon
uptake during the 2012 European drought. However, the EUROCOM models show divergent estimates in
interannual variability of carbon cycle uptake for most years;

3. A set of global inversion systems that assimilate satellite XCO, or land surface variables (e.g., SM and VOD
for CCDAS) in addition to surface CO, observations better capture annual and seasonal anomalies of the
European carbon uptake induced by regional droughts in both 2012 and 2015. In addition, the recent Orbiting
Carbon Observatory—2 XCO, inversions captured the impacts of the 2015 and 2018 droughts, with better
performances for characterizing the seasonal anomalies of the much larger-scale drought in 2018.

These results suggest that surface CO, observations may still be too sparse to fully capture the impact of drought
on the carbon cycle at subcontinental scales over Europe, which calls for further expansion and optimization
of surface CO, observation networks. Complemented to enhancing surface CO, observations, it is also of great
importance to make full use of satellite XCO, or environmental variables in atmospheric inverse modeling.
Further studies that assimilate satellite XCO, and ancillary environment data sets in addition to surface CO,
measurements are warranted and offer a promising direction for refining estimates of regional carbon cycle
anomalies.

Data Availability Statement

CTE2018 fluxes were obtained from the CarbonTracker Europe website (https://www.carbontracker.eu; Van der
Laan-Luijkxetal.,2017). CT2019 fluxes were obtained from the CarbonTracker website (https://gml.noaa.gov/aftp/
products/). CAMS_v18r2 fluxes were obtained from https://apps.ecmwf.int/datasets/data/cams-ghg-inversions/
(Chevallier et al., 2010) Jena CarboScope fluxes were obtained from http://www.bgc-jena.mpg.de/CarboScope/
(Rodenbeck et al., 2003). GCAS v2 carbon fluxes inferred from GOSAT and OCO-2 XCO, data are publicly
available at https://doi.org/10.5281/zenodo.4500439 (Jiang, 2021) and https://doi.org/10.5281/zenodo.7040223
(He, Jiang, & Ju, 2022), respectively. OCO-2 v10 MIP fluxes are publicly available from https://www.gml.noaa.
gov/ccgg/OCO2_v10mip/ (Byrne et al., 2023). NEE fluxes from Byrne, Liu, Lee, et al. (2020) are publicly
available at https://data.nas.nasa.gov/carboncycle/co2flux/data.php. EUROCOM outputs were obtained from
https://meta.icos-cp.eu/collections/6rMkbXz3W376i4lehBohpUox (Monteil et al., 2019). FLUXCOM (v2020)
fluxes were obtained from http://www.fluxcom.org (Jung et al., 2020). Drought-2018 ecosystem eddy covari-
ance flux product was obtained from the ICOS data portal (https://www.icos-cp.eu/data-products/Y VR0-4898)
(Drought, 2018 Team & ICOS Ecosystem Thematic Centre, 2020). FluxSat GPP (v1) product was obtained from
https://daac.ornl.gov/ (Joiner et al., 2018). GOSIF GPP fluxes were obtained from https://globalecology.unh.edu/
data/GOSIF-GPP.html (Li & Xiao, 2019b). CRUNCEP v9 meteorology reanalysis data (Wei et al., 2014) and
TRENDY v6 fluxes (Sitch et al., 2015) can be obtained from https://doi.org/10.5281/zenodo.7704810. SPEIbase
v2.5 was obtained from https://doi.org/10.20350/digital CSIC/8508 (Begueria & Vicente-Serrano, 2017).
GLEAM v3.3a root-zone soil moisture data were obtained from https://www.gleam.eu/ (Martens et al., 2017).
GRACE-REC total terrestrial water storage data were obtained from https://doi.org/10.6084/m9.figshare.7670849
(Humphrey et al., 2017). MOD13C2 v6 data were downloaded from https://ladsweb.modaps.eosdis.nasa.gov/
archive/allData/6/MOD13C2/ (Huete et al., 2002). CSIFv2 data were obtained from https://osf.io/8xqy6 (Y.
Zhang, 2022). All Python scripts used for the analyses can be obtained from https://github.com/joywei2022/
European_Droughts_JAMES (He, 2023).
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