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Abstract. While the growth rate of atmospheric CO, mole fractions can be measured with high accuracy, there are still large
uncertainties in-the-attribution-of-this-growth-te-its attribution to specific regions and diverse anthropogenic and natural sources
and sinks. One-A major source of uncertainty is the net flux of carbon dioxide from the biosphere to the atmosphere, the
Net Ecosystem Exchange (NEE). There are two major approaches to quantifying NEE: top-down approaches that typically
use atmospheric inversions, and bottom-up estimates which rely on process-based or data-driven terrestrial-biosphere-models
or inventories. Both top-down and bottom-up approaches have known strengths and limitations. Atmospheric inversions (e.g.
those used in global carbon budgets) produce estimates of NEE that are consistent with the atmospheric CO, growth rate
at regional and global scales, but are highly uncertain at smaller scales. Bottom-up data-driven flux-models-models based

on eddy-covariance measurements (e.e. FLUXCOM) match local observations of NEE and their spatial variability, but have
difficulty in accurately upscaling to a reliable global estimate. We-

In this study, we propose to combine the two approaches ;constraining-a-bottom-up-to produce global NEE estimates, with
the goal of capitalizing on each approach’s strengths and mitigating their limitations. We do this by constraining the data-driven

Fux-medeltrained-on-meteorolog emotely-sensed;-and-eddy-covarianee-data FLUXCOM model with regional estimates

objective-term;-we produce-anew~from the Global Carbon Budget 2021, To do this, we need to overcome a series of scientific
and technical challenges when combining information about diverse physical variables, which are influenced by different
processes at different spatial and temporal scales. We design a modeling structure that optimizes NEE by considering both the
model’s performance at the in-situ level, based on eddy-covariance measurements, and at the level of large regions, based on
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atmospheric inversion estimates of NEE and their uncertainty. This resulting "dual-constraint™" data-driven flux model that
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seales—improves on information based on single constraints (top-down or bottom-u roducing robust locally-resolved and
lobally-consistent NEE spatio-temporal fields.

ne Compared to reference
WW%&MM&MMMMMWWM data-driven fiux-model
atn Wle single constralnt)wheﬁeempafed{&euffem

he-, The mean seasonality of our double-constraint
inferred global NEE is also more consistent with the Global Carbon Budget and atmospheric inversions. At the same time,
our model allows for more robustly spatially resolved NEE. The improved performance of the double-constraint model across
spatial and temporal scales demonstrates the potential for adding top-down constraint to a bottom-up data-driven fiux-modet

1 Introduction

Sinee-1957-the-The annual growth of carbon dioxide in the atmosphere ean-be-has been directly measured with high accuracy
since 1957 (Keeling et al., 1989). However, inking-attributing changes in atmospheric CO, ehanges-to-the-diverse-to regional
fluxes, and to the respective anthropogenic and natural sources and sinks is sti-prone to uncertainties. One of the main
sources of uncertainty is the land biosphere, which has large uncertainties both in the human-related (—l&nd-useﬂc—hange%and the

. . . Improved

understanding of processes driving variations in the global carbon budget-cycle requires, among others;-better-other things
improved observational constraints on the net flux of carbon dioxide from the land surface to the atmosphere or Net Ecosystem

natural flux components (Friedlingstein et al., 2022).

Exchange (NEE), at-across local, regional, and global scales (Bastos et al., 2022; Ciais et al., 2022; Gaubert et al., 2019; Saeki
and Patra, 2017; Thompson et al., 2016).

Two different approaches to constrain sources and sinks of carbon dioxide can be distinguished: top-down estimates;

s-and bottom-up estimates %ua#y—relymgeﬁ—ﬂu*ebse%ﬁeﬁs
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Crisp et al., 2022; Friedlingstein et al., 2022). Top-down estimatesfrom-atmespherieinversionsapproaches typically correspond

to atmospheric inversions, which infer the surface fluxes over land and ocean based on observations of atmospheric CO, mixing

ratto-mole fractions based on a Bayesian inversion framework using prior estimates of the flux of carbon dioxide and an atmo-

spheric transport model Jnverstonsprovide-terrestrial-fluxes-that-are-consistent(Chevallier et al., 2005; Peylin et al., 2013; Crisp et al., 202

. Bottom-up approaches typically rely on in-situ observations and/or remote-sensing data combined with statistical upscalin,

techniques, or process-based terrestrial biosphere and land-surface models to infer local to regional or global NEE (Jung et al., 2020; Kondo

The strengths and limitations of each approach are largely inherited from the “"point of view” of the system: Top-down
approaches, using regional and global observations and meso- to global scale atmospheric transport, view the integral of
fluxes from large areas. They produce reliable estimates of the magnitude and variability of latitudinal distribution of NEE,
finding solutions that are in line with the global atmospheric i i i

Wﬁﬁmﬁhﬁ%&&ﬁ&%ﬂﬁﬂ%ﬁ%@mﬁé@ﬂﬂbﬁ%} rowth rate (Gaubert et al., 2019; Friedlingstein et al., 2022
. However, inversion-based-this aggregated view can compromise the local estimates of NEEafeeeﬁdiﬂeﬂed—by—theﬂﬁeerwﬁﬂes

their-estimates-are-, as the system adjusts sub-regional NEE to match the overall target, with estimates becoming increasingly
uncertain for smaller regions (Kaminski-and-Hetmann;2001)—Inverse-medel-evaluations—(Ciais et al., 2010). Inverse models
are rarely evaluated at the scale of individual ecosystem sites is—rarely-dones-as the mismatch in spatial scales represented is

simply too large.

Bottom-up approaches include a diversity of measurements, from small-scale direct observations at the leaf, plant, plot and

. These approaches are sensitive to small-scale heterogeneity in the land surface and can provide information on the local
distribution and magnitude of NEE. The FLUXCOM project (Jung et al., 2020) produced a comprehensive comparison
of data-driven bottom-up approaches for upscaling terrestrial biosphere carbon dioxide and water fluxes based on eddy-

covariance measurements. The

FLUXCOM ensemble produced
WMMNEE compared with mvefﬁeﬂ-baseéesﬁfﬂa{es—ef—NE%ﬂa—%h&exﬁ”&ffeptes—bu%fhey
have-systematic-biases_process-based models (Jung et al., 2020), indicating that the model ensemble captured the relevant
ecosystem-level processes. However, data-driven ecosystem-level flux models, including FLUXCOM, have a strong bias for
NEE in the tropics i trati s istributt
towers;-dense-in-the-northern-extratropies-and-observations, which are particularly sparse in the tropics which-therefore-is

ecosystem scale, to remote-sensing observations of relevant proxies (e.g. biomass Friedlingstein et al., 2022: Jung et al., 2020;
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Previous studiebavesuggested that observations of atmospherig €auld provide an additional constraint to bottom-up

data-driven ux modelgJung-etal2020:-Anav-etal2015: Beeret-al2010)k-importantto-notethatthecarbon-uxe

suchas re andinland waters(Ciais et al., 2022)Thusit is not trivial to constraina hottom-updata-drivenux modelwith a

data-drivenux modeltrainedwith a complementarygonstraintbasedon top-downatmospherignversionscanimprovethe

2 Qata

count for these inherent differences as described in Section 2.1. From heteonye refer to "NEE"in-thetextwereferto
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2.1 Eddy-Cevariance/-BriverbData

la-thuile-dataset/). Following Tramontana et al. (2016), driver variables are created using a set of remotely-sensed and meteoro
logical data from the Moderate Resolution Imaging Spectroradiometer (MODIS) data (http://daac.ornl.gov/MODIS/), and the
European Center for Medium-Range Weather Forecasting ERA5 atmospheric reanalysis dataset (https://www.ecmwf.int/en/
forecasts/dataset/ecmwf-reanalysis-v@gab.A2). At tower locationsthe meteorological data is derived from the FLUXNET
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RS+METEO V1 NEE ensemble data using ERA5 meteorological forcing from Jung et al. (2020) were used to generate the
regional sparse linear models described below.

Atmosphericinversionsuse observedCO, mole fraction from in-situ measuremengtationsand_ask network, or satellite

is.consisteniwith_the CarbonTrackeEuropetreatmentof re. The resulting uxes_thus represenfand-ecosystencarbon
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Notethattheensembl@f inversionsusedhereis notthesourceof thelandsink estimateof the GCB2022 whichis calculated

Table 1. Atmospheric inversionsand—referencesfrom the Global Climate Project 2022 (Friedlingstein et al. (2022)

https:Hdei-orgl10:-18166/FAHS-KIX4}-All—inversionsare-adjustedforfossit-fuels—eementproduction-and earbenation;respective
period coveredand lateratriver—ux-original referenceSo-makethe-inversionsmere comparablewith-data-driven-tux—medelestimating

Inversion ‘ Version ‘ Date range Reference
CAMS v21rl 1979-2021 Chevallier et al. (2005)
CarbonTracker Europe (CTE) | v21rl 2001-2021 van der Laan-Luijkx et al. (2017)
Jena Carboscope (SEXTocNEET) v2022 | 1957-2021 | Rodenbeck et al. (2003), Rddenbeck et al. (2018)
UOE in situ v6.1b 2001-2021 Feng et al. (2016), Palmer et al. (2019)
NISMON-CO2 v2022.1 | 1990-2021 Niwa et al. (2022)

3 Methods

measurementasing a neuralnetwork with remote-sensingnd meteorologicalpredictors(hereaftemeferredto asthe EC

(in_.P gC=month). In orderto link effectively acrossscalesin the training of EC-ATM, we connectthe neuralnetworkwith
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3.1 briver-bataModel driver data

We use the driver variables from the FLUXCOM-RS+METEO with ERAS forcing ensemble as in Jung et al. (2020): Enhanced
Vegetation Index (EVI), fraction of Absorbed Photosynthetically Active Radiation (fAPAR), Daytime Land Surface Temper-
ature (LSTay), Nighttime Land Surface Temperature (Lgh), the Medium Infrared Re ectance band (MIR), Normalized
Difference Vegetation Index (NDVI), Normalized Difference Water Index (NDWI), extracted for each site and globally from
MODIS, and the ERAS variables incoming global radiatiory)(Rop of atmosphere potential radiationy(], Water Avail-

ability Index (WAI), and Air Temperature @F). The full set of drivers were constructed following Jung et al. (2020) and
Tramontana et al. (2016), see Appendix table A2 for the driver formulation. These variablesrammmputed globally and

stored by Plant Functional Type (PFT) derived from the MODIS Land Cover Type Yearly L3 Global 500m dataset Collection
5 (Friedl et al., 2010) and are reconstructed here byeth&aepercentage of the component PFTs in each pixel following

the other eight are constructed from the mean seasonal cycle (MSC) S|gnal across the component variables. All are used at

0.5°spatial resolution.
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layers, which we train using the standard gradlent based backpropagation algorlthm (Kelley F0603-cut-effectsof

.The fully-connected layers consist of
245 nodes ornedrensneurons”, which are exposed to the output of all neurons in the previous layer. Non-linearity is introduced

by passing each node output through a non-linear activation function. Our network is a set of three fully-connected layers with
the ReLU activation function (Agarap, 2019). We provide a detailed illustration of the model architecture in Appendix Figure
B1.
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280 basedon:a_l:i::r:nited

NEE results(Jung et al., 2020y .nding _stablelinear relationshipshetweenthe NEE at_xed  spatiallocationswithin the
regionwith.theregionalintegralof NEE in.the sametime period,

10
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NEE;= NEEy (2)

Minimize :  (NEE; NEEy p)? + i ol ©)
p=0 p=1

to testthe reliability of the techniqueby way of randomizedrials. The reducedsetof candidatepixels, p 2 Ps, for region

s 2 SiisselectedremP-attimet, is selectedusing strati ed random sampling from a set of clusters generated using Dynamic
Time Warping (DTW) (Tormene et al., 2008) as a metric of similarity, followed by spectral clustering. DTW is a method for
comparing two time series which nds an minimum distance between them by allowing non-aligned time steps to be paired in

the distance calculation as a similarity metfitie candidatesrom-thestrati-edrandemsamplingS—arethenusedfor-kasso
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x*
Yt = NEEtp
p=0
( X R X )
min (% NEEs )+ s
t=0 s=0 s=1

The robustness of the sparse linear model was tested by 1000 runs with random strati ed sampling within the discovered

neighbors if the most advantageous pixels are not included in the randomization.
The stability of these spatial regimes indicate that there is a statistical link at the spatial resolution of the analysis between the

contributing pixels and the regional integral of the EC mo#dekplausiblethatthisrelationshipmightbescale-independent
dueto-the spatialauto-correlatiorn-the NEE—elds—The contributing pixels cover the range of the PFTs in the regign (
B3Fig. B3). The EC and EC-ATM models receive no PFT information during training, and the included PFT breakdown is

based on the majority class at 0.5°resolution, not the available PFT information at the eddy-covariance sites, which is speci ¢
to the footprint of the EC tower.

3.4 Model Training—EC

Eachdata-driven ux modelis trainedusing a 10-fold cross-validationrscheme splitting.the eddy-covarianc@bservations

in resultsbelow arethe sameinversiondatathatis usedin training. The reportedresultsarefor the ensembleneanacrosghe
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weightsfrom the epochwith. the bestvalidationresultfor thatfold. Thesemembersareusedfor afull forwardrun acrosghe

covarianceiowers,and co-locatedRS measurements,aich Over a randomizedsubsetof times andtowersselectedrom all

NEE = f (1;X patcn) (4)
"Lec = MSE (YoaeNEE obs NEE ) (5)

»
NEEr:% f (15X gr) (6)

NEE .= NEE, +h (7)

13
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sionsa 2 A of regional NEE & , producing the monthly regional loSgw—Lr.m (EQ. 8). The 3-norm was chosen because
it improved the Interannual Variability (IAV) of the nal NEE estimates.

S

1® .
= D f(iX ) o+ br,lg—r;m =3
d=0

1 X . :
A a=0 a=1 A(A]_N_:EE arm NEE rm ZJS (8)

This L rm . term is normalized by the randgq. 9) of the regional NEE from atmospheric inversighgor that month

rangerm (Eq. 10). This reduces the weight of the loss where the atmospheric inversion ensemble has a higher uncertainty. The

;rangerm :aX(NEE Arm ) in (NEEA;r;m ) (9)
........................................ 0 L
Latmy = ix om=1 M @ tm Lem A (10)
! M m=m= 1+rangerm 1+ rangerm

X land area,

N —- R‘ r
=5 . _landarea, 11
Latm r=0r=1 _LATMyr land areagope (11)

adds a parameter to the learned weights of the data-driven model that estimates the task-dependent, homoscedastic uncertair
for each of the different terms of the objective function, which is dependent on the inherent noise in the data, rather than

objective function over all training steps. For the EC-ATM model these parametgrsand 2, , areare-added to the
model training weights, and updated by the regular backpropagation step of the neural network trainirfgsfhparameter
is used to create a weighting temm oss (Eq. 12) and a regularization tersjoss (Eq. 12) for each component term of the
objective functionLOSS 2 [EC;ATM ]. These are then combined to provide a learned estimate of the total loss, balanced by
the learned uncertainty of the terms (Eq. 14).

The total loss of the EC-ATM model is then:

14
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WiLoss JEC = (12)

SjLoss JEC = (13)
Liotar =(Wec _Lec)+(watm _Latm )+ Sec + SaTtm (14)

3.5 Post-Hoc Analysis

We-additionalty After traininganyspeci c model,we carefullycheckedhevalidity of ourassumptionsandtheappropriateness

15
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Socean  GaTm ).which are not used

in_our approachMoreover,it agreeswell

The GCB22 resultsare not availableat the RECCAPZ2regional level, so.to

regionalscalewe usethe ensemblef atmospherignversionsfor comparison
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Figure 2. Panel (A) is the global annual NEE in PgC yéa:'(he:plug:l:ine is the EC-ATM ensemblaneanacrosghe 10 membersThe blue

green shaded area is the EC-ATM uncertainty across the ensemble §. The red line is the ensemble mean of the atmospheric

inversions. The individual inversions are shown in dotted lines. The black line is the GCP22 residual land sink. The grey
shaded area is the published GCB22 uncertainly. The yellow line is the ensemble mean of FLUXCOM RS+METEO V1.
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Table 2. Resultof annuajNEE

ensembleneaqyith :t:hemachine-IearnechodeIestimateﬁrom EC-ATM,_:EC:kandFLUXCOM.::I'hg::nal ::r:ow::is:':[he Pearson'KR andRMSE

‘ Pearson's R — Annual RMSE
GLOBAL ‘ 0.280 0.054 0.080 ‘ 0.7502  16.8872 17.3236
USA .0.502 0.519 0.543 0.8030 1.0836
CAN 0.325 :0.463 .:0.236 0.3747 0.0627
CAM =0.067 :0.085 .:0.149 0.6598 0.7898
NSA :0.360  ..:0.140 :0.253 1.7467 1.4909
BRA 0.358 0.221 0.186 3.8447 3.8912
SSA :0.037 .:0.094 .0.007 1.9080 1.8467
EU :0.068 ..0.187 0.191 0.6336 0.6805
NAF 0.557 0.616 0.694 0.4362 0.2438
EQAF Q.749 0.725 0.740 2.8844 2.8576
SAF 0.780 0.734 0.621 0.5242 1.0036
RUS 0.534 :0.353 -0.409 1.1558 0.1809
CAS :0.379  .:0.258 ..-0.167 0.7133 0.0759
MIDE 0.254 .0.405 0.442 0.5117 0.1585
CHN 0.084 0.297 0.292 1.0917 0.8059
KAJ 0.185 0.173 0.216 0.0798 0.1167
SAS 0.262 .0.066 0.039 0.9604 0.3685
SEAS :0.227  .:0.263 ..:0.221 2.0118 2.0409
QCE 0.499 .0.599 0.508 0.3703 0.1037
GCB22 0.303 0.115 0.138 0.914 17.316 17.228

465 4.2 Monthly and seasonalariability

the predictive skill_of a modelin_regard referencesetof values,in this instance the monthly regionalintegrals

470
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Table 3. Results of monthly NEE aggregated by regions: Pearson's R and RMSE of the monthly time-series of regional/global integrals
over the period 2001-2017 and the corresponding monthly NEE from atmospheric inversions, and the Pearson's R of the regional/global
Mean Seasonal Cycle (MSC) of NEE, the RMSE of the MSC relative to the inversion mean and the model MSC. FLUXCOM refers to
the RS+METEO V1 product (Jung et al., 2028pld numbersdenotethe bestperformingmodel by. region and metric, Country/region

abbreviations are expanded in Appendix table Al

‘ Pearson's R — monthly integrals RMSE — monthly integrals Pearson's R — MSC RMSE — MSC

‘EC-ATM EC  FLUXCOM ‘EC-ATM EC FLUXCOM ‘EC-ATM EC  FLUXCOM ‘EC-ATM EC  FLUXCOM

GLOBAL ‘ 0.991 0.969 0.976 ‘ 0.176  1.502 1.542 ‘ 0.996 0.976 0.982 ‘ 0.125 1.496 1.537
USA 0.989 0.971 0.974 0.036  0.090 0.105 0.998 0.979 0.982 0.022 0.086 0.101
CAN 0.991 0.949 0.974 0.048 0.083 0.049 0.997  0.958 0.981 0.044 0.080 0.045
CAM 0.658  0.557 0.607 0.022 0.061 0.071 0.861  0.685 0.751 0.020  0.060 0.070
NSA 0.133  -0.007 -0.023 0.018 0.148 0.127 0.197 -0.072 -0.080 0.012 0.147 0.126
BRA 0.787  -0.028 0.040 0.055 0.354 0.350 0.893 -0.051 0.024 0.043 0.352 0.348
SSA 0.751  0.388 0.387 0.032 0.176 0.173 0.869  0.431 0.431 0.025 0.175 0.172

EU 0.988 0.986 0.989 0.034 0.059 0.061 0.997 0.994 0.997 0.026  0.055 0.058
NAF 0.929  0.809 0.902 0.031 0.058 0.033 0.959 0.834 0.926 0.027 0.056 0.030
EQAF 0.675 0.186 0.253 0.057 0.251 0.247 0.783  0.173 0.248 0.046  0.249 0.245
SAF 0.920 0.600 0.665 0.037 0.102 0.117 0.982 0.628 0.698 0.025 0.099 0.114
RUS 0.993 0.931 0.970 0.074  0.225 0.138 0.999  0.939 0.977 0.059 0.220 0.130
CAS 0.936  0.835 0.655 0.039 0.069 0.054 0.957  0.856 0.698 0.036  0.067 0.052
MIDE 0.913 0.882 0.919 0.025 0.046 0.020 0.926 0.893 0.931 0.025 0.046 0.019
CHN 0.969 0.973 0.973 0.035 0.104 0.073 0.987  0.990 0.990 0.025 0.101 0.070
KAJ 0.962  0.937 0.939 0.004 0.009 0.012 0.984  0.960 0.959 0.003 0.008 0.011
SAS 0.803 0.184 0.607 0.028 0.111 0.046 0.896  0.208 0.680 0.020 0.109 0.042
SEAS 0.273  0.204 0.204 0.050 0.173 0.174 0.436  0.312 0.300 0.042 0.170 0.172
OCE 0.199 0.223 0.240 0.044 0.047 0.036 0.289 0.263 0.310 0.037 0.041 0.030

wherethe model predictsthe referencebetterthan repeatingthe annualregionalmeanintegralsof the

475 4.3 MeanSeasonalyecle;Monthly—results
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changes muchlarger.The EC-ATM NEE for Brazil (BRA) hasa monthly Pearson'R of 0.787comparedvith 0.028for the
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in :;he

EC-ATM modelat seasonaand
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representsio skill. An NNSE of 0.5 is. wherethe model predictsthe referencebetterthan repeatingthe annualmeanof the atmospheric
inversiongnsemble.

Figure 4 shows two selected regiengl) Brazil which is representative of tropical regions with sparse EC observations
and potential systematic bias in the EC data, and (2) Europe which is representative of extratropical regions with a dense EC

network. rerestben-Eurssearaversimilesiorthe e e

very-closeto-the ensemblemeanef-the atmospheriénversionsin Brazil, the EC-ATMensemblanodel mean shows closer
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he. Overall,the EC-ATM

3)-

years2001-2017Thesolid line showsthe ensemblgnean andthe shadedegionjs themean .theensemblestandardieviation.
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Figure 5. Mean (top panel) and standard deviation (bottom-panel) of the ensemble mean annual NEE from the EC-ATM and EC models,
compared to the ensemble mean of the atmospheric inversions. The top row shows the per-pixel mean of the annual NEE. The bottom row

shows the per-pixel standard deviation of the annual NEE in:fﬁg’(;/earl'
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