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Abstract. Global estimates of the net ecosystem exchange of CO2 (NEE) from data-driven models differ widely
depending on their underlying data and methodology. Bottom-up models trained on eddy-covariance data are
most informative at the ecosystem-level. Top-down models, such as atmospheric inversions, produce regional
and global results consistent with the observed atmospheric growth rate, accurately capturing the interannual
variability (IAV) of NEE. Both approaches have limitations estimating NEE across scales: Bottom-up models can
miss large-scale dynamics of NEE when aggregated globally. Top-down approaches have difficulty relating the
large-scale atmospheric signal to biophysical processes at smaller scales. To address these limitations, we create
a model that uses a hybrid combination of direct observations and atmospheric dynamics to integrate ecosystem-
level eddy-covariance data and atmospheric CO2 mole fraction data into a single coherent ecosystem-level flux
model.

Aggregated globally, our new model estimates an annual sink with a low bias, and consistent IAV when
compared with independent estimates. The IAV of the estimated NEE is closer in magnitude to an ensemble of
atmospheric inversions, and our model produces a higher temporal coefficient of correlation with these data than
state-of-the-art bottom-up data-driven models. This improvement in IAV is achieved without direct access to the
observed variability of the atmosphere: the model is trained using only one year of daytime observations from 3
tall-tower observatories. No atmospheric information is available to the model during the production of global
NEE estimates. This shows the efficiency of our method in synthesizing top-down information into bottom-up
mapping of flux-environment relationships.
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1 Introduction

The global net flux of biogenic CO2 between the land surface
and the atmosphere, or net ecosystem exchange (NEE), is a
critical but uncertain term in our understanding of the global
carbon budget and the climate system (Friedlingstein et al.,
2014; Bastos et al., 2022). Current data-driven approaches to
modeling NEE can be largely grouped into two categories:
top-down approaches that infer NEE from observations of at-
mospheric CO2 by prescribing fire and fossil fuel emissions.
The second category are bottom-up approaches that model
NEE at the ecosystem level from local observations (Kondo
et al., 2020). Both approaches provide important information
about the function of the biosphere, but have their limitations.

Data-driven bottom-up models are most commonly in-
formed by eddy-covariance observations at the ecosystem
scale, along with remotely sensed variables (greenness and
water indices, spectral data) (Nelson and Walther et al., 2024;
Jung et al., 2020; Kondo et al., 2020; Bodesheim et al., 2018).
However, the spatial distribution of NEE and the total mag-
nitude of NEE at global scale remain highly uncertain as the
available eddy-covariance data is sparse in important biomes
across the globe, such as tropical rain forests (Chu et al.,
2017; Hayek et al., 2018; Fu et al., 2018; Jung et al., 2020).
Some processes, such as carbon emissions from fires, are not
captured by these local observations. Eddy-covariance data
are further potentially subject to systematic errors overesti-
mating the carbon uptake (Aubinet et al., 2005), particularly
in the tropics, due to complex CO2 nighttime storage and
horizontal advection in the canopy (Fu et al., 2018; Mon-
crieff et al., 1996). Historically, when these eddy-covariance
data are used to train a data-driven bottom-up flux model for
global upscaling of NEE (e.g. FLUXCOM V1, Jung et al.,
2020), the underlying issues of data availability and repre-
sentation are propagated into the global result resulting in an
overestimation of the tropical carbon sink and by extension,
the global carbon sink. Therefore data-driven global prod-
ucts such as FLUXCOM V1 NEE, which are very depen-
dent on the quality and completeness of the training data,
are not fully consistent with the magnitude of the growth
rate of atmospheric CO2, or the interannual variability (IAV)
of the global NEE signal (Jung et al., 2020; Kondo et al.,
2015). However the length of the available eddy-covariance
record has increased, and the data collection and processing
have improved (Pastorello et al., 2020). These longer, im-
proved data, along with improved handling and gap-filling
of the complementary co-located remotely sensed variables
(Walther and Besnard et al., 2022) have allowed for FLUX-
COM X-BASE to improve its estimates of the magnitude of
regional and global NEE. Despite these improvements, the
eddy-covariance record may miss complex drivers of IAV, or
they may be obscured by sensor issues (Jung et al., 2024).
The under-estimation of the global NEE IAV in FLUXCOM
X-BASE remains unresolved (Nelson and Walther et al.,
2024).

Top-down approaches, most commonly atmospheric in-
versions, are trained using observations of CO2 mole frac-
tion from tall-tower observatories and/or satellite retrievals
of CO2. Atmospheric inversions use a Bayesian inversion
framework and an atmospheric transport model to produce
global or regional estimates of NEE which are consistent
with the observed atmospheric signal (Chevallier et al., 2005;
Peylin et al., 2013; Crisp et al., 2022; Ciais et al., 2022).
These inversion systems by design provide estimates of NEE
that agree with the growth rate of CO2 at the global scale and
across broad latitudinal bands (Peylin et al., 2013) despite
differences in priors and representation of transport mecha-
nisms. Atmospheric inversions are formulated to capture the
structure and dynamics of atmospheric CO2, and can repro-
duce the observed IAV of NEE with very high accuracy (Rö-
denbeck et al., 2018).

However, despite improvements in the ability of regional
inversions to provide spatially explicit flux estimates (Mu-
nassar et al., 2022), global top-down estimates of NEE lack
the ability to spatially map the atmospheric signal to lo-
cal biophysical conditions. Global inversions are more com-
monly used to understand the land surface at larger integrated
scales, and are not directly comparable with eddy-covariance
data (Kaminski and Heimann, 2001). Like bottom-up sys-
tems, the top-down approach is also limited by a lack of ob-
servations. The observational network does not provide suf-
ficient tropical coverage for a robust top-down estimate of
the tropical land flux (Palmer et al., 2019). In the Southern
Hemisphere, the weaker gradients in CO2, and shorter ob-
servational records also exacerbate issues of data availability
and data quality (Peylin et al., 2013). Additionally, in tropi-
cal regions there are less independent data to validate atmo-
spheric inversion estimates (Chevallier et al., 2019).

Previous work has demonstrated that top-down informa-
tion can be effectively combined with a bottom-up data-
driven flux model, improving the regional and global perfor-
mance by creating a dual constraint from eddy-covariance
data and atmospheric inversion estimates of NEE (Upton
et al., 2024). Although this dual-constrained model was able
to infer regional and global NEE integrals with a much lower
bias compared with other best estimates of NEE than the
comparable FLUXCOM RS+METEO V1 results (Jung et al.,
2020), the model has several important limitations; First,
the atmospheric constraints were pre-calculated using large-
scale mean NEE from an ensemble of inversions, rather than
from atmospheric CO2 itself. Second, the atmospheric con-
straint was connected to the local bottom-up data-driven flux
model using a static, statistical model rather than an atmo-
spheric transport model. This means that the additional atmo-
spheric information is aggregated, and adds no additional in-
formation on the spatial distribution of NEE. Both issues lim-
ited the amount of information available to the model from
the atmospheric constraint.

To address these limitations, we create a new model
that uses a hybrid combination of direct observations and
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atmospheric dynamics to integrate ecosystem-level eddy-
covariance data and atmospheric CO2 mole fraction data
into a single coherent ecosystem-level flux model. To cre-
ate the computational link between ecosystem-level fluxes
and atmospheric CO2 mole fraction we use a physical at-
mospheric transport model, the Stochastic Time-Inverted La-
grangian Transport (STILT) model (Lin et al., 2003). In this
way, both eddy-covariance and atmospheric observations are
used to train and update the model at the ecosystem level,
the result is a bottom-up model that uses atmospheric data
to improve the representation of the land surface. This tech-
nique opens a large corpus of new observations for constrain-
ing the model. Due to varying transport patterns around each
tower, the data-driven model is exposed to a large number of
non-eddy-covariance locations which represent biophysical
conditions that are coupled to important dynamics in global
NEE. This enrichment of the model’s view of the underlying
relation between driver variables and NEE, we hypothesize,
allows the system to learn additional dynamics in global, and
regional NEE.

2 Data

2.1 Ecosystem-level data

At the ecosystem level, we define Net Ecosystem Ex-
change (NEE) as the simple difference between Gross
Primary Production (GPP) and Total Ecosystem Respira-
tion (TER). These terms are measured as the flux density
µmolCO2 m−2 s−1. The sign of NEE indicates the direction
of the flux. When NEE is negative, GPP exceeds TER and
the flux is a local sink of CO2. If NEE is positive, TER ex-
ceeds GPP and the ecosystem is a local source. NEE repre-
sents the net carbon exchange of the vegetation and does not
include disturbance fluxes, fires, or out-gassing from fresh-
water ecosystems.

The core ecosystem-level meteorological and NEE data
was collected between 2001 and 2020 at 294 globally dis-
tributed eddy-covariance (EC) towers (see appendix for a full
list of sites). These data were then processed using the ONE-
FLUX processing pipeline (Pastorello et al., 2020). Variables
from the eddy-covariance sites are air temperature, vapor
pressure deficit, incoming shortwave radiation, the computed
potential shortwave incoming radiation, and the computed
wind speed.

During training, at pixels co-located with eddy-covariance
towers we use the surface reflectances (MCD43A4, Schaaf
and Wang, 2015a) and land surface temperature (LST)
from the MOderate Resolution Imaging Spectroradiometer
(MODIS) collection v006 (http://daac.ornl.gov/MODIS/, last
access: 11 January 2024). The surface reflectances are used
to compute two vegetation indices, the enhanced vegetation
index (EVI) (Huete et al., 2002), and the spectral reflectance
of vegetation in the near-infrared (NIRv) (Badgley et al.,
2019). A water index, the normalized difference water in-

dex (NDWI) with MODIS band 7 (Gao, 1996) was also in-
cluded. MODIS data has a spatial resolution of 0.05°, and a
1 d temporal resolution. The full set of variables is described
in Table 1.

When producing our atmospheric constraint, and when es-
timating global NEE, the drivers for our bottom-up model
are the same set of remotely-sensed and eddy-covariance
quantities, extracted from remotely-sensed and meteorolog-
ical reanalysis data. The RS data are derived from the
0.05° global MODIS product (MCD43C4, Schaaf and Wang,
2015b), and the global meteorological variables are derived
from the European Center for Medium-Range Weather Fore-
casting (ERA5) atmospheric reanalysis data (https://www.
ecmwf.int/en/forecasts/dataset/ecmwf-reanalysis-v5, last ac-
cess: 11 January 2024). ERA5 is provided at 0.25° spatial
resolution, and hourly temporal resolution (Hersbach et al.,
2020). Air temperature at 2 m height, incoming shortwave ra-
diation, and vapor pressure deficit (computed from air tem-
perature, relative humidity, and surface pressure) are used to
create the global meteorological data.

All data are accessed through the FLUXCOM-X code base
using the preprocessing, and gap-filling from Nelson and
Walther et al. (2024) and the procedures of FluxnetEO data
version 2 (Walther and Besnard et al., 2022), and the qual-
ity flagging described in Jung et al. (2024). Please see Nel-
son and Walther et al. (2024) for a full description of the
FLUXCOM-X data and processing environment.

2.2 Atmospheric data

The model in this study uses observations of atmospheric
CO2 mole fraction from tall-tower observatories measured at
three sites: ATTO (Botia et al., 2022), Hegyhatsal (Haszpra,
2024) and Zottino (Tran et al., 2024a). These sites are chosen
to include one tropical, one extra-tropical and one boreal do-
main. The mole fraction data used for the Amazon Tall Tower
Observatory in Brazil (ATTO), collected at 79 m are the same
used and fully described in Botia et al. (2022). Mole frac-
tion data for the Hegyhátsál tower in Hungary (HUN), col-
lected at 115 m are provided by the Integrated Carbon Obser-
vation System (ICOS). The observations for the Zotino Tall
Tower Observatory in Siberia (ZOTTO), collected at 301 m
are provided by Tran et al. (2024b). The data for all three
towers was provided hourly, for one calendar year (2019 for
ZOTTO and Hegyhátsál, 2015 for ATTO). Only daytime ob-
servations from 13:00–17:00 (local time) were used. The se-
lected times represent a daytime planetary boundary layer
(PBL) with assumed well-mixed convective conditions (Pe-
ters et al., 2010).

2.3 Reference data

For global and regional comparison we use the land flux
corrected for fossil fuel and cement production from the
ensemble of N = 14 atmospheric inversions from GCB23
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Table 1. Driver variables for the model (EC-STILT) in this study.

Variable Short Name Unit Source

Air Temperature TA °C EC/ERA5
Vapor Pressure Deficit VPD hPa EC/ERA5
Incoming Short Wave Radiation SW_IN Wm−2 EC/ERA5
Potential Incoming Short Wave Radiation SW_IN_POT Wm−2 ERA5
Daytime Land Surface Temperature LST °C MODIS
Daytime Land Surface Temperature LST °C MODIS
Near-infrared Reflectance of Vegetation NIRv – MODIS
Enhanced Vegetation Index EVI – MODIS
Normalized-difference Water Index NDWI – MODIS

(https://doi.org/10.18160/4M52-VCRU, Luijkx et al., 2024,
last access: 4 March 2024). The atmospheric inversions are
provided as monthly data with a 1° spatial resolution. See
Friedlingstein et al. (2023) for a full description of the en-
semble members. These fluxes are adjusted for fire by remov-
ing the fire emissions from Global Fire Emissions Database,
Version 4.1 (GFEDv4) (last access: 13 February 2024) (Ran-
derson et al., 2017).

For comparison with the current state-of-the-art bottom-
up NEE model, we use the global NEE product from the
latest version of FLUXCOM X-BASE (Nelson and Walther
et al., 2024, last access: January 2025). The FLUXCOM
X-BASE NEE model (hereafter X-BASE) is trained using
the same data processing and data quality flagging, includ-
ing gap-filling. X-BASE uses a different data-driven algo-
rithm, XGBoost (Chen and Guestrin, 2016), instead of a neu-
ral network. Comparison with X-BASE allows us to under-
stand the performance of our system relative to a highly opti-
mized bottom-up model. So, despite differences in structure,
we consider X-BASE to be the most appropriate bottom-up
model for comparison.

For regional analysis we use the set of 11 large regions
from the TransCom 3 intercomparison project (TransCom)
project (Baker et al., 2006). See Fig. A1 for the coverage and
names of the 11 land regions used in this study. For analy-
sis of model function by climate zone, we use the Köppen-
Geiger (KG) classification system using maps from Beck
et al. (2018), for the years 1991–2020. The Köppen-Geiger
classification groups the land-surface into regions by their
annual climate (Fig. A2).

3 Methods

In this work, we start with a neural network model which
uses eddy-covariance, meteorological, and remotely sensed
data to estimate NEE at the ecosystem level. We create
a hybrid objective function which allows direct constraint
by eddy-covariance (EC) observations and hybrid constraint
from direct mixing ratio observations of CO2 using the
Stochastic Time-Inverted Lagrangian Transport (STILT) at-

mospheric transport model as the computational link from
the EC-model to the top-down observations. We therefore re-
fer to this new data-driven system with its dual constraints
as EC-STILT. Its components and their recombination in a
machine-learning framework are described below.

3.1 Ecosystem-level model

The ecosystem-level model takes as input observations of
meteorological drivers (from eddy-covariance or reanaly-
sis data) and remotely-sensed drivers and predicts NEE in
µmolCO2 m−2 s−1 (Fig. 1, red lines, orange lines) at an
hourly tempo. As a machine-learning system, the ecosystem-
level model can be described as a feed-forward neural net-
work trained using standard backpropagation techniques
(Kelley, 1960). The network is a set of fully-connected lay-
ers which consist of nodes or “neurons”. The neurons are
exposed to the output of all neurons in the previous layer. Be-
tween each layer of neurons, the output is passed through a
non-linear activation function. Additionally, the output of the
activation function is passed through a normalization func-
tion, which scales the output to a mean of 0 and a standard
deviation of 1. Our network is a set of three fully-connected
layers with the Rectified Linear Unit (ReLU) activation func-
tion (Agarap, 2019) and batch normalization. Each layer in
a neural network is a complex, non-linear embedding of the
previous inputs into a new latent space. This series of em-
bedding functions is the learning space of the network. These
latent spaces allow the model to learn complex non-linear re-
lationships between driver variables and NEE. Because these
relationships are discovered in these abstract non-geographic
spaces, they can represent complex space-for-time and time-
for-space substitutions. We refer to the process of learning
these non-linear, non-geographic mappings between the in-
put distribution and NEE as learning in “environmental re-
sponse” space.

3.2 STILT transport

The computational link from this ecosystem-level model
to the atmospheric constraint (Fig. 1, purple lines) is built
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Figure 1. Data flow for atmospheric constraint calculation. An objective term from eddy-covariance (red lines) is created from tower
observations of driver variables, co-located remotely sensed data, and tower observations of NEE. An objective term from atmospheric
observations (model: orange lines, ancillary data: other colors) uses the STILT model to transport modeled flux densities into concentration
space, and corrected for non-local and non-biogenic CO2: The lateral boundary condition (PPMLBC), or background CO2 from the well-
mixed atmosphere, and any ocean flux contributions (1PPMOcean) are removed from the tower observation (PPMObs) to create the observed
value for the contribution from the footprint (1PPMfoot). Non-biogenic fluxes (1PPMNBF) from fire and fossil fuels are added to the
predicted NEE from the footprint (1P̂PMNEE) to produce the predicted contribution from the footprint (1P̂PMfoot). Dashed lines indicate
terms that are created during the process of training. See Sect. 3.3 and 3.4 for a full description of terms. Lines with bi-directional arrows
indicate the flow of backpropagation leading to the weights of the neural network being updated.

around the STILT atmospheric transport model (Lin et al.,
2003). STILT is a Lagrangian particle dispersion model
(LPDM) which uses meteorological forcing data to compute
the transport of sources and sinks to the time and location
of an observation. The STILT footprint represents this atmo-
spheric transport as a set of sensitivities of the final obser-
vation to fluxes at different times and locations. This foot-
print can be multiplied with a set of local estimates of NEE,
which transports them and converts them into a simulated
mole fraction. EC-STILT uses a set of pre-computed STILT
footprints at the three tall tower locations, for midday ob-
servations, for one year (Fig. 1). For each tower, the STILT
model is run for each selected observation over the year, pro-
ducing footprints covering the tower domain hourly for the
10 d prior to the observation time. STILT domains (Fig. 2)
are selected to capture the relevant near field over the time
of analysis based on regional meteorological conditions (Lin
et al., 2003).

For the atmospheric constraint, we must isolate the bio-
genic contribution (1PPMNEE) of an hourly observation of
CO2 (PPMObs). Conceptually, the biogenic contribution is
the residual of the observation and the non-biogenic terms:
the lateral boundary condition (LBC), non-biogenic fluxes
(NBF) and Ocean contributions. This is presented in Eq. (1),

with spatially explicit terms on the right.

PPMObs−PPMLBC−1PPMOcean =1PPMNEE+1PPMNBF (1)

The NBF contribution (1PPMNBF) consists of fossil fuel
fluxes and fire emissions. For fossil fuel emissions, we use
fossil fuel/energy signal across sectors, using GridFED (ver-
sion 2022.2, last access: 15 February 2024) (Jones et al.,
2021), provided at a 0.1° resolution. Fire emissions are pro-
vided by the Global Fire Emissions Database, Version 4.1
(GFEDv4) (last access: 13 February 2024) (Randerson et al.,
2017) provided at a 0.25°. For the GFEDv4 data, temporal
profiles were used to add monthly, daily, and diurnal cycles
to the fire signal. The GridFED data are interpolated to the
0.25° spatial resolution of the analysis. We do not include lat-
eral transport fluxes in the current analysis. Crop and wood
harvest are important for regional and long term accounting
(Ciais et al., 2022), but are not critical for the instantaneous
carbon budget that is represented in Eq. (1). The potential
impact of riverine transport are discussed below in Sect. 5.1.

The lateral boundary condition of the region (PPMLBC)
is precomputed using The Jena CarboScope (s04ocv4.3)
(Rödenbeck et al., 2003), following Botia et al. (2022).
Optimized results from the CarbonTracker Data Assimi-
lation Shell (CTDAS) (van der Laan-Luijkx et al., 2017)
(CTE2020) are used for the ocean flux and its conversion
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Figure 2. Locations of tall towers used by the atmospheric constraint (red dots). The boxes represent the near-field domain where
STILT is computed, and the grid within each domain is the mean annual sensitivities of the computed STILT footprints. The colorbar,
in 1PPM(µmolm−2 s−1)−1, represents the mean sensitivity of the tower observation to the region over the full year.

to mole fractions (1PPMOcean) with STILT. The LBC values
are calculated for each tall tower for each observation time.
We used the ensemble of STILT trajectories released at each
data point to obtain the mean ending position (lat, lon) as
well as a mean ending height above the ground. Using this
information we sample global 3D fields, in this case the op-
timized CO2 mole fractions from CarboScope, and obtain a
mole fraction associated with a measurement at the tower.
We acknowledge that this method is sensible to biases in the
global 3D fields, but for example at ATTO a bias-corrected
version of the LBC yielded very similar results to the Carbo-
Scope LBC, please see Botia et al. (2022) for the full discus-
sion.

3.3 Objective function – eddy covariance

During training, EC-STILT generates an objective function
with two terms, or losses: the ecosystem loss term LEC, and
the atmospheric loss term LATM. To generate the ecosystem
loss term LEC from eddy-covariance, the EC-model F() is
run using a batch of data randomly selected by time and site,
xbatch collected at eddy-covariance tower sites (Eq. 2, along
with remotely sensed (RS) data at pixels that are co-located
with the eddy-covariance tower, producing an estimate of
NEE at the ecosystem level (Eq. 2). The ecosystem loss term
is computed as the mean squared error (MSE) between this
estimate and the observed NEE from the eddy-covariance ob-
servations (Eq. 3).

N̂EE= F(xbatch) (2)

LEC =MSE(NEEobs, ̂NEEtower) (3)

3.4 Objective function – atmospheric

To generate the atmospheric loss term LATM for each training
step, an hourly daytime (13:00 to 17:00 local time) observa-
tion of the mole fraction of CO2 for each tower is selected.
For each observation, a pre-computed STILT footprint, along
with associated NBF, LBC and ocean data are retrieved. The
observed mole fraction, LBC and ocean contributions are
used to create the left-hand side of Eq. (1). The ocean term
represents the flux from any pixels under the footprint, trans-
ported using the footprint into concentration enhancements
at the tower. To create the right-hand side of Eq. (1), which
is the change in CO2 mole fractions attributable to fluxes
within the footprint (1PPMfoot). The ecosystem-level model
is then run for each non-zero location in the STILT foot-
print, producing an estimate of local NEE (Fig. 1, NEEland).
The NEE inferences and NBF values are transported with the
footprint into concentration enhancements at the tower. This
produces the two terms 1PPMNEE, and 1PPMNBF which
are then added element-wise. These sums represent the to-
tal simulated change in PPM at the tower. The loss term
Ltower,ATM is the squared difference between the simulated
change in concentration 1̂PPMfoot, and the observed change
in concentration 1PPMfoot. For a single training step, a loss
is calculated for one observation for every tower. These three
tower losses are averaged, producing the final atmospheric
loss term (Eq. 5).

Ltower,ATM = (1PPMfoot− 1̂PPMfoot)2 (4)

LATM =

∑Num.Towers
t Lt,ATM

Num.Towers
(5)

The two terms of the objective function, LEC and LATM are
combined using a learned weighting scheme (Kendall et al.,
2018). This allows the model to learn the appropriate rela-
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tive weight to assign each loss term during training, based
on their internally estimated uncertainty. To achieve this, the
model has a set of additional parameters which are used to
learn an estimate of the homoscedastic uncertainty for each
term of the objective function. This uncertainty is dependent
on the inherent noise in the training data, rather than the qual-
ity or quantity of training data. For EC-STILT these mixing
parameters, σ 2

EC and σ 2
ATM, are added to the processing chain

of the model after its initialization. During training, using
the normal backpropagation process that uses the chain rule
to attribute and update the free parameters of the neural net-
work according to their contribution to the loss value, the
model also updates these mixing parameters. For the individ-
ual tasks L ∈ [EC,ATM], the σ 2

L parameter is used to create
two terms; wL (Eq. 6), and sL (Eq. 7). These are then used
to calculate the effective loss, balanced by the learned uncer-
tainty of the terms (Eq. 8). The evolution of these terms dur-
ing training is provided in Fig. A4. After this final weighting
calculation, the loss is combined in small batches to stabilize
model training during backpropagation.

wEC =
1

2σ 2
EC
, wATM =

1
2σ 2

ATM
(6)

sEC = log
√
σ 2

EC, sATM = log
√
σ 2

ATM (7)

Ltotal = (wEC×LEC)+ (wATM×LATM)+ sEC+ sATM (8)

3.5 Model training

EC-STILT is trained using 10-fold cross-validation. The full
set of eddy-covariance observations are split by tower loca-
tion into 10 equal subsets. Ten ensemble members are cre-
ated, each trained on 8 of the subsets, with one held out for
validation and one held out for testing. The ensemble is used
to define the flux uncertainty as given in the Results section,
as a 1σ of the member spread. The available footprints for
each tower were randomized and 80 % are used for training,
20 % for validation on each member. The cross-validation re-
sults for the eddy-covariance level results below are the en-
semble member results against the 10 % of sites held out for
testing.

The STILT footprints were run for a 0.25° grid. All
MODIS driver variables and NBF data were translated to
this grid. MODIS variables were averaged. Where neces-
sary, NBF fluxes were interpolated using the nearest neigh-
bor method which reduced the overestimation of emissions in
pixels surrounding urban hotspots. When run globally, EC-
STILT is run at full MODIS 0.05° resolution.

3.6 Model evaluation

We perform several analyses by KG geophysical region to
understand how model performance is modified by the at-
mospheric information available during training. To discover
the regions which contribute to the global IAV in EC-STILT,

we use the covariance method described in Lee et al. (2023).
This method uses the row sum of the covariance matrix,
scaled by the sum of the full covariance matrix to estimate
the per-pixel contribution to the IAV, which is in turn addi-
tive. We then sum by KG region to determine the relative
contribution.

To test our hypothesis that adding an atmospheric con-
straint improves the representation of the land surface, we
estimate the probability distribution functions (PDF) of the
model’s training data (such as temperature and VPD) by KG
region. We also estimate the PDF of the full land surface, as
represented by the full dataset used to create a global multi-
year estimate of NEE. For the training data we estimate two
different PDFs: one PDF of the data provided from the eddy-
covariance towers, which is the training set for X-BASE,
and one PDF representing additionally the areas of the land-
surface which are under the STILT footprints, which is the
training set of our model. The footprint data is weighted by
the number of times that time and location is used during
training. Global and regional PDFs are generated from a ran-
dom subsample of the full dataset. The subsamples are the
per-year time series for ten percent of randomly selected spa-
tial locations. To quantify the relationship between the train-
ing PDFs and the full PDF, we use two metrics that describe
the distance between two distributions; Kullback-Leibler and
Jennsson-Shannon.

To understand the impact of the STILT data on our results,
we try to isolate and test specific potential confounders by
training nearly identical models with specific modifications.
These models share the same architecture and random state.
To test the role of model architecture on model performance,
we train an EC-only version of our model which lacks the
STILT operator, and so has no additional atmospheric infor-
mation during training. To test for potential influences from
the atmospheric inversion data which we use to calculate the
LBC timeseries for each tall tower, we train a model which
replaces the hourly LBC with the annual mean LBC for each
time step. In this way this mean-LBC model has no time-
varying information on the background state of the atmo-
sphere.

4 Results

4.1 Global model performance

EC-STILT produces an estimate of annual global NEE of
−3.90± 3.63PgCyr−1, compared to the ensemble mean of
atmospheric inversions in GCB23, adjusted for fire,−4.29±
0.65PgCyr−1 (Fig. 3B). The RMSE of the EC-STILT an-
nual mean with the inversion ensemble annual mean is
0.69 PgCyr−1, compared with 1.81 PgCyr−1 for X-BASE.
The uncertainty of the global annual flux is very high
(Fig. 3A), being driven by uncertainties in tropical NEE
(Fig. 4C).
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Figure 3. (A) Annual NEE integrated globally in PgCyr−1. The blue line is the mean of the EC-STILT ensemble with the shaded area
representing the 1σ range across ensemble members. The yellow line is FLUXCOM X-BASE. The purple dotted line is the mean of the
GCB23 ensemble of atmospheric inversions, and the shaded area is the standard deviation across the ensemble members. (B) Mean NEE
integrated globally over all years. The error bars represent the 1σ range across ensemble members or published uncertainty. (C) IAV of NEE,
calculated as the standard deviation of the global integral. The error bars represent the 1σ range of IAV across ensemble members.

EC-STILT has learned a relationship between the input
variables and NEE, which captures a large part of the natural
interannual variability of global annual NEE. When produc-
ing an estimate of global NEE, the model takes the driver
variables across the full land surface as inputs, but does not
access any STILT footprint data, LBC or NBF data, or mole-
fraction data, which are only used in constraint during train-
ing. When the model is run globally for years 2001–2021, the
standard deviation of annual NEE (IAV) of the EC-STILT
member mean, 0.69 Pg C yr−1 (1σ ), is substantially closer
to the GCB23 inversion ensemble IAV of 0.65 PgCyr−1

than that of X-BASE (Fig. 3C). The R2 of EC-STILT an-
nual mean NEE with the GCB23 inversion ensemble is 0.42
(N = 21 years), compared with an R2 of 0.02 for X-BASE.
EC-STILT IAV is consistent across the model members de-
spite the large uncertainty in the magnitude of the flux. The
mean R2 between the 10 members and GCB23 inversion
ensemble is 0.34 (1σ 0.08), and the mean IAV is 0.71 (1σ
0.14) Pg C yr−1.

Spatially, the distribution of the mean annual NEE is
largely consistent with X-BASE (Fig. 4B) with a spatial
correlation of 0.71 for global mean NEE. EC-STILT has a
stronger Amazonian sink and weaker boreal sink (Fig. 4C).
The boreal reduction is a reduction in the length and inten-
sity of the growing season. The EC-STILT results have re-
moved several hotspots of source, in the Sahel and in the In-
dian subcontinent. These potentially unrealistic hotspots in
X-BASE can be attributed to an incorrect learned relation-
ship for crop-cover PFTs in certain dry conditions (Nelson
and Walther et al., 2024). The lack of specific Plant Func-
tional Type (PFT) information in the EC-STILT training data
may be responsible for the removal of these strong sources.
The large model spread in the tropics (Fig. 4D) across the

Amazon Basin, the Congo Basin, and Oceania is the major
source of global model spread in Fig. 3A.

4.2 Regional model performance

The atmospheric constraint has a strong impact on the EC-
STILT estimate of regional fluxes. Similar to the global
results, EC-STILT estimates regional magnitudes of NEE
which are largely inconsistent (Fig. 5, Table 2) when com-
pared with the ensemble of atmospheric inversions used in
Friedlingstein et al. (2023) corrected for fire using GFED4.1
fire emissions (Fig. 5, purple lines). The regional IAV is more
in agreement with atmospheric inversions, producing similar
or better R2 and magnitude when compared with X-BASE
regional NEE (Fig. 5, inset text, Table 2).

Regionally, there appears to be a relationship between the
coverage of the eddy-covariance and atmospheric observa-
tional networks, and the impact of the atmospheric infor-
mation (Table 2). For example, in Europe (Fig. 5), both
the atmospheric and eddy-covariance networks are exten-
sive. It appears that in limited cases, the atmospheric infor-
mation provides some additional information on the mag-
nitude. EC-STILT is closer to the inversion mean with an
RMSE of 0.2 PgCyr−1 compared with 0.37 PgCyr−1 for X-
BASE. However, the IAV is very strongly conditioned on
the information in eddy-covariance data; the IAV for Europe
from EC-STILT is still very similar to X-BASE with a R2

of 0.86 compared with X-BASE, and 0.31 compared with
the inversion mean (Table 2). The spatial pattern of sum-
mer NEE during the peak growing season (mean JJA) is very
consistent between EC-STILT and X-BASE (Fig. 6) with a
spatial correlation of 0.86, demonstrating the strong influ-
ence eddy-covariance information retains when used in dual-
constraint. The reduced sink in the region estimated by EC-
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Figure 4. Spatial distribution of global annual NEE (A) Mean annual NEE for EC-STILT in gCm−2 d−1 (B) Mean annual NEE for X-BASE
in g Cm−2 d−1 (C) The difference in mean annual NEE between EC-STILT and X-BASE in gCm−2 d−1. (D) The standard deviation of
mean annual NEE for the EC-STILT 10-member ensemble in gCm−2 d−1.

STILT (Fig. 5), appears in Fig. 6 to be largely an overall bias,
rather than a learned difference in the spatial distribution of
NEE.

In regions such as South American Tropical where there
is limited eddy-covariance coverage to adequately constrain
the model, additional atmospheric information does not im-
prove the modeled NEE, and increases the model uncer-
tainty. EC-STILT has moved away from the inversion mean,
compared with X-BASE (RMSE of 3.73 PgCyr−1 compared
with 2.05 PgCyr−1). The low R2 for EC-STILT compared
with both the inversion mean and X-BASE annual time se-
ries (0.10 compared with the inversions, 0.13 compared with
X-BASE) indicate that neither the eddy-covariance data nor
the atmospheric signal provide sufficient constraint for EC-
STILT to find similar IAV to the atmospheric inversion mean,
which itself might be wrong.

The increase in the IAV for the South American Temperate
region demonstrates the potential for complex effects from
the atmospheric constraint. The region is only directly im-
pacted by the ATTO tower observations in unusual mete-

orological conditions, which is evident in the mean ATTO
footprint in Fig. 2. The eddy-covariance record for the re-
gion is sparse, but may have similarities to other, more
densely sampled regions. We see a small move away from
the inversion mean compared with FLUXCOM X-BASE
in the magnitude of NEE (RMSE of 0.74 PgCyr−1 com-
pared with 0.59 PgCyr−1 for X-BASE), but an increase in
the magnitude of IAV compared with FLUXCOM X-BASE
(0.14 PgCyr−1 compared with 0.07 PgCyr−1). The atmo-
spheric constraint has added new information about this
region despite very limited direct information available in
training.

The atmospheric constraint also has strong effects in
TransCom regions that do not directly contain or overlap
the STILT regions used during training. This is because
EC-STILT learns its land-surface response in environmen-
tal space of the features instead of in geographic space like
an inversion. Across the globe, EC-STILT produces consis-
tent changes over regions with similar latitude ranges (Fig. 5,
right column) with a dominance of the global north in ob-
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Figure 5. Annual regional NEE and IAV by TransCom region, left: the time series of the annual regional integral flux. right: the magnitude
of IAV for the region. Column (A): Regional fluxes for TransCom regions directly impacted by atmospheric observations: Europe is impacted
by observations in the HUN domain. Eurasia Boreal is impacted by observations in the ZOTTO domain. Both South American regions are
directly impacted by observations in the ATTO domain. Column (B): Regions of similar biome and latitudinal band, by row. The blue is
the ensemble mean of EC-STILT, the yellow is FLUXCOM X-BASE, the purple is the ensemble mean of the atmospheric inversions in
GCB23 with GFED4.1 fire emissions removed. For each annual time series, the R2 is reported for EC-STILT and X-BASE with regard to
the fire-corrected ensemble mean

Figure 6. Mean summer NEE (JJA) in µmolCO2 m−2 s−1 for EC-STILT, X-BASE, and the ensemble mean of the atmospheric inversions.

Atmos. Chem. Phys., 26, 2561–2595, 2026 https://doi.org/10.5194/acp-26-2561-2026



S. Upton et al.: Constraining a data-driven CO2 flux model by ecosystem and atmospheric observations 2571

Table 2. Comparison of different estimates with GCB: Column (A) shows the RMSE between the annual regional integrals in PgCyr−1 of
EC-STILT and X-BASE with the atmospheric inversion ensemble mean with fire removed (Invs). Column (B) shows the R2 between the
annual regional integrals from EC-STILT and X-BASE with regard to the atmospheric inversion ensemble mean, and between EC-STILT
and X-BASE. Bold indicates the higher relative performance between EC-STILT and X-BASE for each region and metric.

(A) Annual RMSE (B) Annual R2

EC-STILT, X-BASE EC-STILT X-BASE EC-STILT
Invs Invs Invs Invs X-BASE

North American Boreal 1.08 0.01 0.01 0.01 0.39
North American Temperate 0.21 0.56 0.16 0.07 0.55
South American Tropical 3.73 2.03 0.10 0.04 0.18
South American Temperate 0.74 0.59 0.32 0.31 0.42
Northern Africa 1.13 0.66 0.25 0.35 0.05
Southern Africa 0.20 0.42 0.45 0.09 0.01
Eurasia Boreal 0.52 0.27 0.41 0.27 0.75
Eurasia Temperate 1.89 1.56 0.27 0.29 0.88
Tropical Asia 0.94 0.51 0.26 0.12 0.01
Australia 1.37 0.42 0.08 0.29 0.01
Europe 0.21 0.40 0.31 0.38 0.87

servational networks (Chu et al., 2017). The magnitude of
the northern hemispheric land carbon sink is part of ongoing
discrepancies in the Global Carbon Budget (O’Sullivan et al.,
2024).

4.3 IAV attribution

We find that EC-STILT attributes IAV to tropical drylands in
regions Aw (tropical savanah) and Bsh (semi-arid) (Fig. 7).
This contrasts with the X-BASE NEE, which attributes IAV
to regions Dfb (humid continental), and Dfc (sub-arctic).
Both figures show the regional contribution of IAV, relative to
the overall IAV of the dataset. This metric captures only the
magnitude of the contribution, not the relative accuracy of the
inferred IAV, which varies strongly by region (Fig. 5). Recent
studies (Metz et al., 2023, 2025; Ahlström et al., 2015; Poul-
ter et al., 2014) also suggest that arid regions are the domi-
nant source of the IAV in global NEE. The constraints that
drive this result in our system must come from atmospheric
CO2 data, and we will try to trace the source of this informa-
tion in Sect. 4.5.

4.4 Eddy-covariance site-level evaluation

EC-STILT maintains good overall performance for NEE
at the eddy-covariance site level, particularly at daily time
scale. We use R2 and the Nash Sutcliffe model efficiency
(NSE) (Nash and Sutcliffe, 1970) to evaluate model perfor-
mance with regard to the observed eddy-covariance observa-
tions, and for comparison with X-BASE. In the EC-STILT’s
10-fold cross-validation for all sites (Table B4), the model
achieves a median NSE of 0.66, and median R2 of 0.77 for
hourly fluxes (X-BASE: NSE 0.71, R2 0.71), and a median
NSE of 0.76 and median R2 of 0.87 for diurnal mean NEE

(X-BASE: NSE 0.81, R2 0.81), when comparing the ob-
served and simulated time series. The data used for these per-
formance metrics are the test data, held out from each cross-
validation fold, and these tests are performed using the model
member which did not see these data in training.

As with regional results, the site-level performance of EC-
STILT appears to be strongly influenced by the level of local
constraint from eddy-covariance. Figure 8 shows the hourly
and daily averaged time series of NEE for three EC sites di-
rectly impacted by the atmospheric domains, one in boreal
Russia (RU-Ha1), one in a German mixed forest (DE-Hai),
and one Brazilian site in the Amazon basin (BR-Sa1). In the
Russian site, EC-STILT (blue line) slightly improves the es-
timate of the mean daily cycle of the EC observations (red
line) compared with X-BASE (RMSE of 0.54 compared with
0.79). When averaged to the daily scale, both EC-STILT and
X-BASE produce a similar RMSE compared with the ob-
servations. EC-STILT appears to better represent the daily
signal than X-BASE with a higher R2 (0.43 compared with
0.18). EC-STILT produces a range in NEE which is slightly
larger than the EC record and much greater than FLUXCOM
X-BASE (yellow line). Boreal regions are only moderately
constrained in EC-STILT by eddy-covariance given the large
difference in annual NEE between EC-STILT and X-BASE
(Fig. 5). This may allow for larger differences at the site level,
as the boreal observations do not sufficiently weigh against
the atmospheric information.

In the German site, DE-Hai, where the constraint from
eddy-covariance is strongest, EC-STILT underestimates the
hourly magnitude (Fig. 8, center left) with a mean RMSE
of 0.92 for EC-STILT, 0.22 for X-BASE), but still largely
captures the daily NEE, but with a larger bias than X-
BASE (Fig. 8, center right) with an R2 of 0.61 and RMSE
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Figure 7. Attribution of IAV by Koppen-Geiger land cover class. The figure on the left is EC-STILT, the figure on right is X-BASE. The
value represents the relative contribution of the region to the overall global IAV. The attribution is calculated by the covariance method
described in (Lee et al., 2023) using annual detrended NEE anomalies.

of 2.00 compared with an R2 of 0.83 and RMSE of 1.04
for X-BASE. In the northern extra-tropics, as seen above,
the marginal impact of the atmospheric information is min-
imized, and EC-STILT performs most similarly with X-
BASE. This mismatch in the site level results is consistent
with the slightly weaker regional sink seen in the northern
temperate regions.

In the Brazilian site, over the mean daily cycle EC-STILT
strongly underestimates the range of NEE (RMSE of 2.52),
but infers a daily value when averaged, that is compara-
ble with X-BASE (R2 of 0.47 for EC-STILT and X-BASE).
This may indicate that the eddy-covariance and atmospheric
constraints are providing confounding information about the
hourly flux, which is discussed below.

4.5 Learning in feature space

We analyse in Fig. 9 the coverage of the EC-only and EC-
STILT training data in terms of climate and ecological space
by approximating the PDF of the two joint distributions in
feature-space (TA/VPD, and EVI/NDWI). We compare the
relative difference in the Kullback-Leibler distance (KLD)
and Jennsen-Shannon metric (JS) between the PDF of the
full, or natural distribution of a random subset of all pix-
els, either globally or by KG class, and the two training sets
(Fig. 9, Tables B1–B3). The two variable pairs were chosen
to create easily interpretable visualizations. We use subsets
of the full 10-dimensional distribution to save on computa-
tional costs.

At the global scale, the distribution of the EC training set is
more concentrated in cooler, and moderately productive re-
gions than the EC-STILT set (Fig. 9, top panel, compare the
higher density in the warmer, more productive regions). In
the second row, we can see specifically how the training data
changes the representation of a region which is not directly
observed. As with the global distributions, the EC-STILT
distribution covers the warmer, more water-stressed regions
(Fig. 9, middle panel TA/VPD) and in the wetter, more highly
vegetated regions (Fig. 9, middle panel EVI/NDWI).

This distributional approach also explains why the model
under-performs in regions that are directly constrained by
the atmospheric towers. In the third row, the Köppen-Geiger
class Cfb (Temperate Oceanic) which covers most of west-
ern Europe, we can see that in both variable sets, the EC-
only distribution is closer to the natural distribution (Fig. 9,
bottom row). Because of the environmental learning of EC-
STILT, this means that the inclusion of atmospheric towers
may reduce the model’s skill in this region.

The specific impact of individual towers, and their in-
teractions in feature space, are inconsistent across regions,
variable pairs, and metrics. In Tables B1 to B3, we expand
the analysis by quantifying the effect of adding or remov-
ing individual atmospheric towers from training. The opti-
mal distribution, shown in bold, characterized by the mini-
mum distance between the two PDFs, is enriched by adding
1–3 towers in 49 of 52 regions across both distributions (Ta-
bles B1, B2). However when the full distribution from all
towers are considered (Table B3), the improvement of the
tower-enriched distributions is more modest, with only 9 of
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Figure 8. EC tower results across latitude bands: Each row is a tower. The left column is the mean hourly NEE, the right column is the daily
mean across an example month. The blue line is the member mean of EC-STILT, the yellow line is the X-BASE NEE, and the red dotted line
is the eddy-covariance observations for the tower. All values are in µmolCm−2 s−1.

26 regions (including global) having improved coverage by
the towers in both variable pairs.

5 Discussion

The core logic of our model is a synergistic sharing of in-
formation between the bottom-up and top-down constraints.
The key innovation in our system is the combination of the
atmospheric term with the ecosystem-level objective term
derived from eddy-covariance data, and their joint projection
onto a space that is not the “traditional” geographic distri-
bution of NEE. Instead, EC-STILT learns in “environmen-
tal response” space, or a set of relations between the driver

datasets (features) and the output NEE. The STILT Atmo-
spheric transport model provides the spatiotemporal loca-
tions where ecosystem NEE variations contribute to a down-
wind CO2 observation. This large number of locations over
the near-field can be modeled and their output constrained
by the atmospheric observation. Considered independently
this is underconstrained; one atmospheric observation is in-
sufficient to constrain the multiple modeled NEE estimates
under the STILT footprint. This lack of constraint is also ex-
perienced in many inverse modeling problems using atmo-
spheric data (see Peylin et al., 2013; Gaubert et al., 2023
for an overview). However, because the “environmental re-
sponse” space of the model is conditioned by the ecosystem-
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Figure 9. Comparison between training set distributions in two multivariate spaces. Both columns show the difference in distribution between
the EC-only training set (left), and the EC+Towers training set (right), and how they compare with the full distribution of the global or
regional data in feature space. The left is TA and VPD, the right is EVI and NDWI. The top row is the full global set, the middle row
is Köppen-Geiger class Aw (Tropical Dry Winter), the bottom row is Köppen-Geiger class Cfb (Temperate Oceanic). The contour lines
represent the probability distribution function (PDF) of each distribution. Two metrics are calculated for each: Kullback-Leibler (KLD) and
Jennsen-Shannon divergence (JS), which are measures of distance between the two PDFs.

level objective term, the response across the STILT foot-
print is tightly bound to the local, better-constrained eddy-
covariance record. Learning is thus jointly informed by both
data sources while maintaining, outside of the tropics, the lo-
cal daily performance of bottom-up models like FLUXCOM
V1 (Jung et al., 2020) and X-BASE (Nelson and Walther
et al., 2024).

EC-STILT efficiently learns driver/NEE relationships
globally which adds new information on the regional and
global dynamics of NEE. This is demonstrated by the im-
proved representation of IAV of global NEE (Fig. 3) and re-
gional NEE (Fig. 5). There is no explicit representation in
the training data of the atmospheric IAV; the atmospheric
constraint is only present for three regional domains (around
the ZOTTO, ATTO, and HUN towers). These domains were
chosen to represent a tropical (ATTO), extra-tropical (HUN),
and boreal (ZOTTO) eco-region. Each tower has observa-
tions across a single year (2019 for ZOTTO and Hegyhát-

sál, 2015 for ATTO) chosen for reasons of data availability.
These relatively small samples of the available atmospheric
information are sufficient to partially embed the atmospheric
signal in the ecosystem response of EC-STILT, and modify
the spatial and temporal distributions of estimated NEE.

We selected a limited subset of towers and training years
to balance computational cost and model performance in this
proof-of-concept system. The computational cost of addi-
tional towers and years is primarily associated with creat-
ing STILT footprints for a new temporal and spatial domain,
which is costly both in terms of computational and human ef-
fort. We selected three sites with the specific goal to achieve
good coverage of different geographic, climate and ecologi-
cal zones. This precluded the use of other towers which we
believe might have provided valuable constraints in training.
The NOAA ObsPack data (Masarie et al., 2014) could pro-
vide a large volume of additional training data, both towers
and years. Following the analysis of Sect. 4.5 we find that
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given the structure of our model, one might be able to in-
crease the performance of the model with a targeted selection
of towers. These would optimally represent the natural distri-
bution of the land surface, rather than including all measure-
ment towers across observational networks. Future experi-
ments, similar to the EC representation analysis in Pallandt
et al. (2022), can be performed to identify additional towers
or years that might yield largest improvements in our predic-
tions.

There is no explicit representation in the data of the atmo-
spheric growth rate, nor mass-balance, yet these are repro-
duced to an impressive degree. The atmospheric observations
are regional and instant, with no direct information on the
long-term state of the atmosphere. Because the atmospheric
transport system is in fact not run during the calculation
of global NEE, there is therefore no atmospheric informa-
tion available to EC-STILT during the creation of our global
NEE data. The potentially realistic global integral and spa-
tial distribution (Fig. 3) demonstrates that the model is able
to learn a consistent ecosystem-level response globally from
this sparse set of local observations with an improved repre-
sentation of global dynamics. Of particular note is that these
limited observations improve the estimate of IAV across the
entire period of analysis, and thus learned relations hold un-
der a range of environmental conditions in each pixel.

Although subject to large uncertainty, the magnitude of
the annual flux has moved closer to the GCB23 atmospheric
inversion estimate of global NEE. The global magnitude is
strongly conditioned, however on the inclusion and handling
of the non-biospheric flux data during training; as the total
amount of NBF in a region increases, by necessity, the in-
ferred NEE must decrease to keep the local instantaneous
equation balanced (Eq. 1). The total contributions to the well-
mixed atmosphere over time are complex (Ciais et al., 2022),
and often not available in spatially explicit data products. The
current study used fire and fossil fuel emissions, but other
terms such as riverine fluxes (see Botía et al., 2025, for a dis-
cussion at the ATTO tower) may play strong local or global
roles in the regional CO2 balance, and should be included in
the tower loss calculation.

Because EC-STILT has no direct access to long-term in-
formation about the state of the atmosphere, and yet produces
an estimate of global annual NEE which is closer to the at-
mospheric inversions, there must be some information within
the available training data which includes this information.
The identically constructed model, trained without the inclu-
sion of the STILT operator (Sect. 3.6) does not produce an
increased IAV (see Fig. B1), which removes the influence of
the model architecture. We further evaluate the influence on
IAV of the LBC (Eq. 1), which is derived from atmospheric
inversions. In the results from our mean-LBC model, this
change did not reduce the observed IAV (see Fig. B2), which
means the LBC is not responsible for the improvements in
the IAV in the standard EC-STILT.

To understand the increased IAV in the tropical dry regions
(see Sect. 4.3), we hypothesize that our model can better rep-
resent the local NEE responses to climate variations in these
regions through a more complete representation of the natu-
ral distribution of the biophysical drivers of NEE, as shown
in Fig. 9. This improvement over the information provided
by the EC towers in feature-space explains EC-STILT’s im-
proved long-term performance using only a single year of
observations. EC-STILT learns to represent NEE using only
10 variables at an hourly time-step. With no static variables,
such as latitude, elevation, or PFT information, the model can
be considered largely independent of a particular spatial do-
main. The model only learns to map from a training distribu-
tion of drivers to a training distribution of NEE. The quality
and completeness of this training distribution determines the
models capacity to capture the global phenomena.

The results from Upton et al. (2024) also support the dis-
tribution hypothesis presented above. In that study the atmo-
spheric constraint uses a limited number of fixed pixel loca-
tions to infer regional totals. This created an NEE product
which was much closer in magnitude and seasonality to an
ensemble of atmospheric inversions, but did not improve the
IAV. This version of atmospheric constraint does not funda-
mentally change the model’s available view of the land sur-
face. From this we can see that the inclusion of training data
which fully includes the IAV signal, but that does not im-
prove the distributional representation of regions from which
the IAV emerges from the local variance, does not improve
the model’s ability to capture the IAV.

In Fig. 3A, it appears that the atmospheric signal increases
the uncertainty around the magnitude and distribution of
tropical NEE, when compared with X-BASE. The ensem-
ble members show a large spread across tropical regions,
and at the ecosystem-level, the ensemble mean has difficulty
reproducing the magnitude of hourly observations from the
eddy-covariance record (Fig. 8). EC-STILT’s tropical short-
comings may be a combination of several structural factors;
model type, potential mismatches in the atmospheric opera-
tor, and limited observational support, which are discussed
below.

When compared with X-BASE, the core model structure
is important; X-BASE is a XGBoost regressor, which have
been demonstrated to be robust in this domain compared
with neural networks which have more capacity to overfit
(Nelson and Walther et al., 2024; Kraft et al., 2025; Jung
et al., 2020). Because our objective function is sensitive to
ecosystem and regional results across all three towers, it is
possible that within the overall learning process, some lo-
cal or regional overfitting is occurring. We attempt to reduce
overfitting using early stopping of training according to the
validation accuracy, and in the model using batch normal-
ization. Potentially, this overfitting could lead to large intra-
model uncertainty between neural network members com-
pared with an XGBoost ensemble. Current implementations
of XGBoost in the Python programming language (compati-
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ble with the FLUXCOM-X framework) were not considered,
because they do not allow for complex objective functions
with multiple terms, sensitive to different spatial scales. Any
additional experimentation with different model structures
was outside of the scope of this study.

The tropical response from EC-STILT is also confounded
by a specific effect in the performance of the STILT atmo-
spheric operator during training. For HUN and ZOTTO, EC-
STILT achieved high Pearson’s R values (0.65–0.8) for the
inferred and observed land contribution to the CO2. How-
ever for ATTO, although the RMSE during training between
the inferred and observed land contribution was similar to
the training RMSE for HUN and ZOTTO, Pearson’s R was
near zero (0.0–0.15, see Fig. A5). This means that the system
was able to infer the correct magnitude of the contribution,
but unable to get the signal correctly located in time. This
poor temporal registration may be attributed to a missing
NBF contribution to the signal which has a strong temporal
component, such as the mentioned riverine evasion of CO2
(Botía et al., 2025). Or the issue may be with the transport
model or its meteorological forcing. Our STILT footprints
are calculated at 0.25° spatial resolution. This resolution was
chosen because of computational constraints in our training.
It is possible that this spatial resolution does not adequately
capture some aspect of the atmospheric processes in the trop-
ics. In relation to the relatively small contribution of intra-
model uncertainty within LPDMs (Hegarty et al., 2013), me-
teorological uncertainty is a more important term in the over-
all transport uncertainty (Angevine et al., 2014). However, it
was out of scope for the current work to estimate that uncer-
tainty with regard to the output STILT sensitivities and and
resulting concentration estimates. Lastly, the temporal issue
at ATTO may have to do with the rate of air exchange through
the canopy. This could introduce a time lag into the release of
CO2 out of the canopy and into the free atmosphere (Faassen
et al., 2024).

Both bottom-up (Chu et al., 2017) and top-down (Palmer
et al., 2019) observational records are limited and uncertain
in the tropics. This limited record forces a data-driven model
to extrapolate its response for a range of missing or under-
sampled parts of the tropical distribution of the driver vari-
ables. It is unrealistic for a model constrained only by the
existing observational record to move meaningfully beyond
previous work on estimating tropical fluxes. Although the bo-
real region around ZOTTO is also subject to the same uncer-
tainties with regard to the observational record, the uncer-
tainty relative to the magnitude of the flux does not impact
global results to the same extent.

In the eddy-covariance site results (Fig. 8) we may see an
example of atmospheric information confounding and aug-
menting the eddy-covariance signal. Both boreal and tropi-
cal regions are less well constrained by eddy-covariance than
the northern extra-tropics, which increases the marginal im-
pact of the atmospheric constraint. EC-STILT was able to re-
produce both the Russian site’s (RU-Ha1) eddy-covariance

hourly time series and the ZOTTO time series with high
fidelity. Indeed, EC-STILT estimates an hourly variability
which is higher than the hourly eddy-covariance data. In the
Brazilian site (BR-Npw), where EC-STILT was unable to re-
produce the ATTO time series, we see the eddy-covariance
finding a low-variability estimate of the daily mean. This
may represent confounding between constraints.

While the absolute increase in the R2 of IAV with regard
to the GCB23 inversions is modest (0.42 for EC-STILT, 0.02
for X-BASE), it represents a meaningful increase over pre-
vious data-driven flux models (Jung et al., 2019; Nelson and
Walther et al., 2024). As seen above in Sect. 4.2 and Fig. 7,
EC-STILT improves the estimation of IAV in regions in the
Southern Hemisphere which are known to contribute to a
large fraction of the global IAV. However EC-STILT fails
to improve the representation of IAV in the Northern Hemi-
sphere, or where the EC observational record dominates.
Therefore, the modest gain in R2, can be seen as a meaning-
ful gain in the representation of the land surface in regions
which are otherwise poorly represented in the EC record.

5.1 Future work

This study finds improvement in a number of important met-
rics in a bottom-up NEE model that is additionally con-
strained by three atmospheric tall-towers over one year. As
noted above, neither the eddy-covariance record nor the at-
mospheric observational record have strongly representa-
tive global coverage, and additional atmospheric information
over new geographic regions could be a benefit. Therefore an
important future development of a dual-constrained model is
the inclusion of additional tower and non-tower data streams:
Additional tall towers could provide stronger constraint in
well-measured regions. Non-tower data could be leveraged
to provide information on regions that are poorly covered by
the current observational network. The current model could
run, as-is, against aircraft observations. With a modification
of the STILT transport system in the objective function, the
structure of this study would allow a bottom-up model to
be constrained by satellite retrievals of total column CO2
(XCO2). XCO2 observations could be selected according to
their potential to include biomes of specific interest in their
upwind footprints. This would enrich our capacity to model
NEE across un- and under-sampled biomes. This extension
into XCO2 introduces several possible issues: to model the
full column of CO2, multiple STILT footprints must be run
for every observation at different elevations (Wu et al., 2018),
and modeled fluxes transported multiple times. This may be
a technical challenge to build effective training systems. The
inclusion of the full column CO2 may dilute the available in-
formation on the biogenic flux in the observation, reducing
the information gain to the bottom-up model.

The performance of EC-STILT in the tropics show the
limitations of adding atmospheric information without ade-
quate support in the eddy-covariance record. In the harmo-
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nized model described above, the ecosystem-level informa-
tion appears to provide the “backbone” of the model’s per-
formance. Future modeling efforts will benefit from the on-
going efforts to improve and enlarge the corpus of available
eddy-covariance sites and data, such as a potential extension
of the FLUXNET 2015 dataset (Pastorello et al., 2020). As
the eddy-covariance record better describes and constrains
key biomes, additional atmospheric constraint may be able
to provide improved information on the larger dynamics of
regional and global NEE, while reducing the uncertainty.

An important aspect of transport modeling which is not
addressed in the current study is the impact of model and
meteorological uncertainty. In our analysis, we treat the out-
put of the STILT model as definitive, relative to the meteoro-
logical fields in ECMWF short-term forecast. Computational
schemes for addressing model uncertainty, multi-LPDM en-
sembling, or in-model ensembling for STILT by sampling
within the stochastic particles could be attempted, without a
major increase in computational and I/O workload. In this
study, STILT runs are forced with ECMWF short-term fore-
cast data (Botia et al., 2022), and the model is trained using
ERA5 reanalysis data. Using identical meteorological data
for STILT and the model drivers may also reduce uncertainty.

Conceptually, the current work accounts for two major
terms in the non-biogenic flux budget; fires and fossil fuel
emissions. In the Amazon and in boreal Russia, fire is the
largest and the most relevant term, as the term accounts for
both fire, and also for part of the instantaneous flux from
land-cover/land-use change associated with biomass burn-
ing (Cochrane and Laurance, 2008). In the European do-
main, fossil fuels are the dominant non-biogenic flux sig-
nal. As noted in the Sect. 2, NEE at the eddy-covariance
tower and atmospheric CO2 are not directly comparable.
The dual-constraint in this study is created using the resid-
ual of an observation and non-biogenic fluxes. Any biogenic
or non-biogenic flux terms which are not included, or ade-
quately represented temporally and spatially will bias the at-
mospheric target that the model is trying to match in training.
An example of this would be the non-fire disturbance fluxes,
or regrowth after disturbance. Another potentially important
term is the instantaneous riverine flux of CO2, coming from
lateral riverine transport. These terms could push the rela-
tive carbon balance towards CO2 release (disturbances) or
towards CO2 assimilation (regrowth), and during retraining
the model would attempt to match this new local target bal-
ance. As seen above, because of the distributional nature of
the model’s learning and inference, this new local balance
could modify the global NEE response. This reduces the ef-
fectiveness of the technique. Any additional spatially explicit
NBF data may therefore, improve this comparison, and in-
crease the fidelity of the overall magnitude and may reduce
the uncertainty in the global result.

6 Conclusions

This study demonstrates a novel method for combining
bottom-up and top-down information in the objective func-
tion of a data-driven flux model. We wanted to test the effec-
tiveness of a physics-based operator that transports modeled
flux density into atmospheric concentration. And we wanted
to determine whether a temporally and geographically-sparse
constraint could produce valid global results. The EC-STILT
model in this study is still strongly conditioned by the
bottom-up constraint from eddy-covariance, and so main-
tains the strengths of the overall bottom-up approach, but
now with access to information on land surface far beyond
the eddy-covariance network.

A classical top-down atmospheric inversion matches the
observed atmospheric signal but lacks the framework to ac-
curately distribute that signal down into geographic/biophys-
ical space. Bottom-up models can translate EC measure-
ments into their latent space, but do not have any addi-
tional information about how inferred fluxes influence the
global signal. In contrast, our hybrid system in this study
can take information from the atmospheric observations and
accurately distribute it into the learned latent space of the
model. Because this latent space still contains information
from the eddy-covariance record, this allows for a valid map-
ping down from the atmosphere to the model, and from the
model to an estimate of NEE at multiple scales which is com-
parable both with both atmospheric and ecosystem-level ob-
servations. Using our system, a dual-constrained model sits
directly between bottom-up and top-down approaches, di-
rectly addressing their limitations while maintaining their ad-
vantages.
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Appendix A: Data
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Figure A1. TransCom land regions.

Figure A2. Köppen-Geiger (KG) classification system from Beck et al. (2018).

https://doi.org/10.5194/acp-26-2561-2026 Atmos. Chem. Phys., 26, 2561–2595, 2026
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Figure A3. Eddy-covariance towers used in training.

Figure A4. Evolution of weighting-scheme variables during model training. The colored lines represent the 10 members from the k-folds
cross validation.

Figure A5. Per-tower representative STILT operator training performance (estimated 1PPMCO2 and observed 1PPMCO2) for the final
epoch of one ensemble member. The black, dotted line is the one-to-one line. The blue line is the regression line. The mean absolute error
(MSE) and Pearson’s R are reported for each tower.

Atmos. Chem. Phys., 26, 2561–2595, 2026 https://doi.org/10.5194/acp-26-2561-2026
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Appendix B: Results

Figure B1. Model ensemble trained without STILT operator: (A) Annual NEE integrated globally in PgCyr−1. The blue line is the mean
of the EC-NO-STILT ensemble with the shaded area representing the 1σ range across ensemble members. The yellow line is FLUXCOM
X-BASE. The purple dotted line is the mean of the GCB23 ensemble of atmospheric inversions, and the shaded area is the standard deviation
across the ensemble members. (B) Mean NEE integrated globally over all years. The error bars represent the 1σ range across ensemble
members or published uncertainty. (C) IAV of NEE, calculated as the standard deviation of the global integral. The error bars represent the
1σ range of IAV across ensemble members.

Figure B2. Model ensemble trained a mean LBC term: (A) Annual NEE integrated globally in PgCyr−1. The blue line is the mean of
the meanLBC ensemble (n= 3) with the shaded area representing the 1σ range across ensemble members. The yellow line is FLUXCOM
X-BASE. The purple dotted line is the mean of the GCB23 ensemble of atmospheric inversions, and the shaded area is the standard deviation
across the ensemble members. (B) Mean NEE integrated globally over all years. The error bars represent the 1σ range across ensemble
members or published uncertainty. (C) IAV of NEE, calculated as the standard deviation of the global integral. The error bars represent the
1σ range of IAV across ensemble members.
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Table B1. TA/VPD: Kullback-Leibler distance (KLD) and Jennsson-Shannon metric (JS) between the estimated global and regional PDFs of
training data subsets and the estimated PDF of the natural distribution. Columns represent the eddy-covariance (EC) training data, EC plus all
three tall towers (EC+Tower), and EC training data plus single towers (e.g. ATTO represents EC plus ATTO), and plus two towers, notated
by the tower removed from consideration (e.g. NO-ATTO represents EC+HUN+ZOT). The bold entry represents the lowest distance by
metric. Multiple bold entries indicate identical performance across different training sets.

KLD JS

EC EC+Tower ATTO HUN ZOT NO-ATTO NO-HUN NO-ZOT EC EC+Tower ATTO HUN ZOT NO-ATTO NO-HUN NO-ZOT

Global 0.787 0.607 1.181 1.134 1.139 0.879 0.834 0.834 0.407 0.379 0.488 0.509 0.514 0.474 0.411 0.437
Af 83.567 47.071 23.417 77.017 58.937 67.289 34.966 45.224 0.765 0.733 0.671 0.805 0.798 0.810 0.706 0.718
Am 66.614 32.756 11.305 76.084 66.614 76.084 11.305 32.756 0.731 0.620 0.553 0.799 0.731 0.799 0.553 0.620
Aw 24.233 12.000 5.395 22.279 24.233 22.279 5.395 12.000 0.730 0.524 0.393 0.791 0.730 0.791 0.393 0.524
BWh 5.851 4.714 3.555 5.486 9.354 6.783 5.367 3.930 0.731 0.703 0.716 0.731 0.764 0.741 0.720 0.697
BWk 5.092 4.958 9.180 4.119 5.117 4.184 6.249 5.590 0.624 0.694 0.642 0.665 0.737 0.696 0.731 0.666
BSh 4.124 3.963 2.828 6.059 4.124 6.059 2.828 3.963 0.627 0.601 0.611 0.700 0.627 0.700 0.611 0.601
BSk 3.375 3.103 4.981 2.791 3.554 2.827 3.914 3.359 0.550 0.631 0.581 0.604 0.682 0.632 0.676 0.608
Csa 8.749 13.330 33.497 3.348 8.671 4.204 22.528 15.308 0.525 0.571 0.639 0.501 0.660 0.549 0.674 0.541
Csb 4.470 3.812 7.700 1.953 5.098 3.037 5.653 3.678 0.402 0.509 0.543 0.369 0.658 0.503 0.640 0.418
Cwa 6.536 4.433 3.662 4.069 7.389 5.407 5.291 3.252 0.630 0.608 0.517 0.660 0.752 0.703 0.620 0.549
Cwb 3.492 3.380 6.333 1.807 4.105 2.673 4.562 3.540 0.451 0.548 0.616 0.409 0.680 0.538 0.663 0.478
Cfa 9.785 5.051 7.139 3.910 8.174 5.332 7.411 3.676 0.603 0.623 0.557 0.583 0.746 0.651 0.701 0.550
Cfb 19.391 11.567 11.170 9.489 22.332 13.629 14.793 8.845 0.494 0.607 0.685 0.486 0.654 0.554 0.705 0.578
Cfc 21.696 81.414 21.551 28.290 99.842 81.567 99.576 28.199 0.587 0.720 0.588 0.622 0.759 0.721 0.758 0.622
Dsa 76.648 47.597 82.372 70.603 23.326 46.323 26.371 72.161 0.734 0.776 0.724 0.779 0.775 0.779 0.769 0.775
Dsb 2.251 2.518 2.352 2.877 2.604 2.521 2.578 2.878 0.532 0.621 0.528 0.641 0.629 0.624 0.622 0.637
Dsc 9.490 4.868 9.600 9.843 2.632 4.833 2.696 9.876 0.680 0.628 0.684 0.721 0.592 0.628 0.593 0.722
Dwa 2.521 1.183 2.747 1.405 1.784 1.140 1.849 1.462 0.440 0.410 0.440 0.469 0.483 0.412 0.473 0.467
Dwb 2.985 2.869 3.090 3.844 2.597 2.865 2.593 3.851 0.565 0.588 0.570 0.659 0.567 0.589 0.565 0.658
Dwc 15.161 6.694 15.260 16.198 4.363 6.665 4.405 16.231 0.680 0.706 0.682 0.736 0.694 0.706 0.694 0.736
Dwd 147.545 277.802 147.545 147.545 277.802 277.802 277.802 147.545 0.745 0.814 0.745 0.745 0.814 0.814 0.814 0.745
Dfa 3.835 1.924 4.163 1.776 3.887 1.834 4.146 1.871 0.513 0.429 0.508 0.425 0.541 0.430 0.535 0.424
Dfb 3.027 1.999 3.299 2.775 1.968 1.975 1.992 2.828 0.474 0.468 0.484 0.539 0.479 0.468 0.477 0.540
Dfc 5.369 2.710 5.510 5.860 1.516 2.690 1.550 5.890 0.625 0.555 0.631 0.672 0.511 0.554 0.512 0.673
Dfd 68.152 176.356 68.152 68.152 176.356 176.356 176.356 68.152 0.716 0.819 0.716 0.716 0.819 0.819 0.819 0.716

Table B2. EVI/NDWI: Kullback-Leibler distance (KLD) and Jennsson-Shannon metric (JS) between the estimated global and regional
PDFs of training data subsets and the estimated PDF of the natural distribution. Columns represent the eddy-covariance (EC) training data,
EC plus all three tall towers (EC+Tower), and EC training data plus single towers (e.g. ATTO represents EC plus ATTO), and plus two
towers, notated by the tower removed from consideration (e.g. NO-ATTO represents EC+HUN+ZOT). The bold entry represents the
lowest distance by metric.

KLD JS

EC EC+Tower ATTO HUN ZOT NO-ATTO NO-HUN NO-ZOT EC EC+Tower ATTO HUN ZOT NO-ATTO NO-HUN NO-ZOT

Global 0.439 0.251 0.767 0.396 0.536 0.348 0.317 0.435 0.323 0.261 0.422 0.317 0.366 0.303 0.285 0.333
Af 2.697 2.121 1.244 2.761 3.536 3.097 1.969 1.705 0.690 0.580 0.437 0.700 0.747 0.724 0.546 0.523
Am 1.759 1.188 0.608 1.563 2.554 1.993 1.176 0.797 0.614 0.474 0.336 0.592 0.692 0.635 0.459 0.400
Aw 1.344 0.872 0.574 0.806 2.336 1.507 1.079 0.415 0.482 0.375 0.318 0.391 0.619 0.498 0.420 0.275
BWh 10.913 7.793 11.561 5.189 9.092 6.568 9.729 7.935 0.664 0.685 0.722 0.672 0.671 0.668 0.692 0.698
BWk 11.947 27.308 59.971 7.925 6.492 6.423 35.423 37.891 0.697 0.717 0.757 0.709 0.691 0.698 0.720 0.736
BSh 3.052 3.076 3.947 2.308 3.875 3.006 3.596 2.962 0.571 0.588 0.600 0.572 0.632 0.596 0.600 0.581
BSk 3.339 5.185 10.533 2.762 2.639 2.502 6.469 6.848 0.607 0.635 0.690 0.622 0.608 0.611 0.641 0.659
Csa 1.520 3.673 8.317 1.085 1.374 1.071 4.924 5.071 0.416 0.476 0.608 0.404 0.448 0.406 0.516 0.516
Csb 0.331 0.680 1.495 0.375 0.824 0.517 0.900 0.880 0.277 0.368 0.489 0.306 0.419 0.345 0.407 0.399
Cwa 1.219 0.942 1.148 0.591 2.040 1.235 1.269 0.665 0.422 0.385 0.405 0.322 0.574 0.442 0.448 0.318
Cwb 0.995 0.883 1.529 0.542 1.456 0.895 1.192 0.886 0.366 0.392 0.477 0.326 0.488 0.392 0.443 0.387
Cfa 0.937 0.963 1.584 0.421 1.689 0.969 1.358 0.867 0.408 0.393 0.447 0.277 0.564 0.416 0.469 0.337
Cfb 0.522 0.502 0.837 0.349 1.146 0.666 0.690 0.453 0.350 0.342 0.416 0.289 0.511 0.389 0.402 0.315
Cfc 1.512 2.783 5.946 1.640 0.964 1.129 3.340 4.023 0.524 0.544 0.681 0.537 0.462 0.481 0.550 0.617
Dsa 51.071 70.147 125.589 34.553 39.909 35.320 86.611 85.742 0.706 0.738 0.776 0.727 0.705 0.716 0.739 0.757
Dsb 1.798 5.205 12.020 1.937 0.833 1.186 6.691 7.651 0.458 0.521 0.656 0.516 0.415 0.452 0.521 0.601
Dsc 1.774 2.297 4.668 1.847 1.009 1.242 2.600 3.313 0.510 0.533 0.682 0.535 0.422 0.461 0.535 0.618
Dwa 8.745 17.152 37.154 4.797 6.165 4.944 22.693 23.012 0.546 0.580 0.645 0.539 0.577 0.551 0.604 0.593
Dwb 1.727 3.390 7.812 1.484 1.081 1.099 4.356 4.889 0.464 0.495 0.620 0.461 0.446 0.436 0.518 0.546
Dwc 3.043 7.168 16.498 3.119 0.908 1.721 9.080 10.637 0.516 0.523 0.688 0.541 0.369 0.439 0.517 0.625
Dwd 15.213 53.923 121.562 15.996 4.628 9.252 69.025 78.036 0.598 0.606 0.734 0.624 0.493 0.547 0.598 0.686
Dfa 2.893 2.863 4.060 1.813 3.586 2.584 3.542 2.791 0.533 0.550 0.563 0.501 0.627 0.557 0.584 0.522
Dfb 0.623 1.581 4.260 0.602 0.258 0.273 2.107 2.553 0.306 0.355 0.567 0.313 0.244 0.226 0.389 0.461
Dfc 1.646 2.393 5.245 1.999 0.471 1.027 2.641 3.745 0.484 0.497 0.684 0.523 0.310 0.399 0.487 0.618
Dfd 37.695 90.866 191.052 36.108 12.521 21.784 111.177 129.113 0.667 0.683 0.764 0.695 0.612 0.647 0.675 0.736
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Table B3. EC-only/Tower-enriched: Kullback-Leibler distance (KLD) and Jennsson-Shannon metric (JS) between the estimated global and
regional PDFs of training data subsets and the estimated PDF of the natural distribution. For each set of variables and metric, columns
represent the eddy-covariance (EC) training data, and the EC plus all three tall towers (EC+Tower). The bold entry represents the lowest
distance by metric and variable set.

TA/VPD EVI/NDWI

KLD JS KLD JS

EC EC+Tower EC EC + Tower EC EC+Tower EC EC+Tower

Global 0.787 0.607 0.407 0.379 0.439 0.251 0.323 0.261
Af 83.567 47.071 0.765 0.733 2.697 2.121 0.690 0.580
Am 66.614 32.756 0.731 0.620 1.759 1.188 0.614 0.474
Aw 24.233 12.000 0.730 0.524 1.344 0.872 0.482 0.375
BWh 5.851 4.714 0.731 0.703 10.913 7.793 0.664 0.685
BWk 5.092 4.958 0.624 0.694 11.947 27.308 0.697 0.717
BSh 4.124 3.963 0.627 0.601 3.052 3.076 0.571 0.588
BSk 3.375 3.103 0.550 0.631 3.339 5.185 0.607 0.635
Csa 8.749 13.330 0.525 0.571 1.520 3.673 0.416 0.476
Csb 4.470 3.812 0.402 0.509 0.331 0.680 0.277 0.368
Cwa 6.536 4.433 0.630 0.608 1.219 0.942 0.422 0.385
Cwb 3.492 3.380 0.451 0.548 0.995 0.883 0.366 0.392
Cfa 9.785 5.051 0.603 0.623 0.937 0.963 0.408 0.393
Cfb 19.391 11.567 0.494 0.607 0.522 0.502 0.350 0.342
Cfc 21.696 81.414 0.587 0.720 1.512 2.783 0.524 0.544
Dsa 76.648 47.597 0.734 0.776 51.071 70.147 0.706 0.738
Dsb 2.251 2.518 0.532 0.621 1.798 5.205 0.458 0.521
Dsc 9.490 4.868 0.680 0.628 1.774 2.297 0.510 0.533
Dwa 2.521 1.183 0.440 0.410 8.745 17.152 0.546 0.580
Dwb 2.985 2.869 0.565 0.588 1.727 3.390 0.464 0.495
Dwc 15.161 6.694 0.680 0.706 3.043 7.168 0.516 0.523
Dwd 147.545 277.802 0.745 0.814 15.213 53.923 0.598 0.606
Dfa 3.835 1.924 0.513 0.429 2.893 2.863 0.533 0.550
Dfb 3.027 1.999 0.474 0.468 0.623 1.581 0.306 0.355
Dfc 5.369 2.710 0.625 0.555 1.646 2.393 0.484 0.497
Dfd 68.152 176.356 0.716 0.819 37.695 90.866 0.667 0.683

Table B4. Cross-validation results for EC-STILT and X-BASE. The
columns are hourly and daily R2 and NSE for the sites that were
reserved for validation during testing.

Hourly NEE Daily NEE

R2 NSE R2 NSE

EC-STILT 0.77 0.66 0.71 0.71
X-BASE 0.71 0.71 0.81 0.81
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