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Abstract. We present the Hybrid Hydrological Carbon Cycle
Model (H2CM) – a global model that couples the terrestrial
water and carbon cycles by integrating a process-informed
deep learning approach with observational constraints for
the water and carbon cycles. H2CM extends the hybrid hy-
drological model with vegetation (H2MV) to represent key
terrestrial carbon fluxes, including gross primary productiv-
ity (GPP), autotrophic and heterotrophic respiration at daily
resolution and 1° spatial scale. H2CM uses neural networks
to learn and predict ecosystem properties governing water
and carbon fluxes, such as carbon and water use efficiencies
and basal respiration rate. H2CM provides a “reanalysis” of
recent land water-carbon cycle variations by combining mul-
tiple observational constraints synergistically: on top of hy-
drological and vegetation data constraints on terrestrial wa-
ter storage variations, snow water equivalent, evapotranspi-
ration, runoff and fraction of photosynthetically active radi-
ation, the carbon cycle is informed by an observation-based
GPP product, and net ecosystem exchange (NEE) from satel-
lite and in situ based atmospheric CO2 inversion datasets.
H2CM reproduces the seasonal and interannual dynamics
of carbon fluxes well. H2CM outperforms both purely data-
driven models as well as state-of-the-art process-based model
ensembles in capturing NEE seasonality, especially in chal-
lenging regions such as the South American tropics and
Southern Africa. Moreover, H2CM reveals emergent spatial
patterns in precipitation use efficiency, light use efficiency,
and water-carbon coupling, consistent with empirical ecolog-

ical understanding. Notably, we show that H2CM learns to
represent the rain pulse effect on respiration in dry regions,
which is often not well reproduced by global models. H2CM
represents a key step toward a new generation of data-driven
diagnostic land surface models, with planned extensions to
include the energy cycle.

1 Introduction

The water and carbon cycles are critical components of
Earth’s ecosystems, significantly influencing our understand-
ing of climate, water resources, and carbon dynamics. Pre-
vious studies have demonstrated that global water and car-
bon cycles are strongly interconnected (Jung et al., 2017;
Humphrey et al., 2018).

Global water and carbon cycle processes are typically
modeled using two main strategies: data-driven modeling
and process-based modeling (PBM). Data-driven approaches
often involve machine learning (ML) to estimate quanti-
ties (e.g., fluxes) related to the water or carbon cycle (Dou
et al., 2018; Shi et al., 2024; Tian et al., 2023; Jung et al.,
2019, 2020; Nelson et al., 2024). ML can learn from obser-
vational data with minimal prior knowledge, relaxing uncer-
tain assumptions and potentially leading to new insights and
accurate predictions. This becomes increasingly relevant as
the volume of Earth observation data grows (Huntingford
et al., 2019; Rolnick et al., 2022; Schneider et al., 2017;
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Eyring et al., 2024). However, a significant caveat of using
ML to explain the Earth system is that these models are very
difficult to interpret in terms of learned intermediate pro-
cesses and mechanisms (e.g., they function as a “black box”).
Additionally, they may suffer from extrapolation issues and
they do not guarantee adherence to well-established process-
knowledge (Shen et al., 2023; Reichstein et al., 2019).

Unlike the ML strategy, PBMs represent process-
understanding explicitly and adhere to fundamental laws,
such as mass conservation (Le Quéré et al., 2013; Sitch
et al., 2015, 2024). By design, PBMs’ simulations can out-
put various diagnostic variables that are easy to interpret
and help to understand drivers of water-carbon cycle vari-
ations in the model. However, PBMs abstract the com-
plex processes governing water and carbon cycles and re-
quire numerous assumptions about processes due to incom-
plete process knowledge. Thus, assumptions and modeling
approaches vary across different PBMs, while this uncer-
tainty is reflected in significant inter-model spread of simu-
lations (O’Sullivan et al., 2022). Additionally, unlike ML ap-
proaches, PBMs are not designed for fully exploiting the
growing volume of Earth observations (Nearing et al., 2021;
Shen et al., 2018; Kraft et al., 2022).

A novel approach to modeling global water and carbon
cycles – hybrid modeling – has recently emerged. This ap-
proach combines ML and PBM within a single framework
and aims for leveraging the advantages of both while mit-
igating their challenges. For instance, hybrid modeling can
replace uncertain parameters or process representations of a
PBM with ML estimations, while retaining established pro-
cess knowledge (e.g., mass balance) in the PBM formula-
tions. This can reduce the physical inconsistencies of ML,
as ML predictions must pass through process formulations
that constrain them to obey process knowledge and main-
tain physical units. Hybrid modeling also reduces the need
for prior assumptions about PBM’s uncertain components, if
they can be learned from data. Consequently, hybrid model-
ing allows for leveraging the growing volume of Earth obser-
vations through its ML component while maintaining phys-
ical plausibility through its PBM component (Eyring et al.,
2024; Reichstein et al., 2019; Shen et al., 2023). However,
this remains a young and evolving field; global-scale hybrid
modeling studies are at the proof-of-concept stage and ex-
tensive evaluation and assessment of the plausibility of these
models is still needed (Baghirov et al., 2025; Kraft et al.,
2022).

A major coupling mechanism between the global water
and carbon cycles is related to the carbon-water trade-off
during photosynthesis. As plants open their stomata to fix
carbon dioxide from the atmosphere they are transpiring wa-
ter back into the atmosphere (Katul et al., 2012; Heimann
and Reichstein, 2008). Soil moisture is another nexus of the
water and carbon cycles, as it regulates many processes such
as photosynthesis (Humphrey et al., 2018) and heterotrophic
respiration (Zhang et al., 2018).

In this study, we introduce the hybrid hydrological-carbon
cycle model (H2CM), building on the hybrid hydrologi-
cal model with vegetation H2MV, Baghirov et al., 2025).
H2MV combines a hydrological model with deep learning
(DL) (LeCun et al., 2015), while being constrained by an
array of complementary observational data streams on ter-
restrial water storage (TWS) variations, snow water equiva-
lent (SWE), evapotranspiration (ET), runoff and fraction of
photosynthetically active radiation (fAPAR). H2CM extends
this approach to include the carbon cycle, where transpira-
tion and gross primary productivity (GPP) are explicitly cou-
pled through neural network (NN) predictions of water use
efficiency (WUE). H2CM also represents carbon use effi-
ciency (CUE, defined as the ratio of net to gross primary
production) and basal heterotrophic respiration rate (Rb) by
NNs to simulate respiration processes. To improve plausibil-
ity and causality of NN predictions we couple separate neural
networks, which receive individual sets of meaningful inputs
for their task, rather than using one large network that re-
ceives all inputs to make all estimations. The model simu-
lates spatio-temporal dynamics of GPP and net primary pro-
ductivity (NPP), heterotrophic respiration (Rh), and thus net
ecosystem exchange (NEE) representing the net carbon ex-
change between land and atmosphere. H2CM’s GPP estima-
tions are directly constrained using observation-based data,
while NEE estimations are constrained using atmospheric in-
version products. Thus, H2CM aims at facilitating a “reanal-
ysis” of carbon-water cycle variations by a joint interpreta-
tion of diverse observational data streams based on concep-
tual process-understanding incorporated into deep learning.

This study has the overall objective to describe and eval-
uate H2CM. To this end we (1) evaluate the model’s per-
formance against withheld data constraints; (2) compare
the model’s GPP, terrestrial ecosystem respiration (TER),
and NEE simulations with state-of-the-art data-driven and
process-based models; (3) assess the plausibility of the
model’s learned global patterns for precipitation, water, car-
bon, and light use efficiencies; (4) illustrate the model’s po-
tential to explain and understand carbon flux variations in the
challenging region of Southern Africa.

2 Methods

2.1 H2CM

H2CM consists of three primary modules: a static (fully
connected) NN module, which generates spatially varying
parameters from land cover, soil, and elevation inputs; a
dynamic NN module, which produces spatially and tem-
porally varying variables from meteorological forcing; and
the process-based (water-carbon cycle) module, which re-
ceives the output of the static and dynamic modules, and
where fluxes and states are calculated through process
equations, which also ensure mass conservation. Note that
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H2CM’s static NN module outputs are at 1° spatial resolu-
tion, whereas the dynamic NN and process-based modules’
simulations are at 1° spatial and daily temporal resolution.

2.1.1 Hydrological cycle

We utilize the hydrological cycle model component of
H2MV (Baghirov et al., 2025) within our model. This hy-
drological model estimates three primary water storages:
snow, soil moisture, and groundwater. It estimates key water
fluxes, including snowfall and snowmelt, soil and groundwa-
ter recharge, evapotranspiration (divided into transpiration,
soil evaporation, and interception evaporation), and runoff
(divided into fast and slow runoff) to update these water stor-
ages.

In the equations below, parameters with the super-
script 〈s, t〉 indicate variables that vary both spatially (s)
and temporally (t), while those with the superscript “s” re-
fer solely to spatial variation. Parameters without any super-
script represent globally constant parameters (denoted by the
Greek letter β orQ10) that do not vary either in space or time
and are learned by the neural network.

The main coupling mechanism between water and carbon
cycles in H2CM is through linking transpiration and GPP by
modelling WUE.

Transpiration (T ) is modeled as described by Baghirov
et al. (2025):

T 〈s,t〉 = fAPAR〈s,t〉 ·ET〈s,t〉pot ·α
〈s,t〉
T

(
in mmd−1

)
, (1)

where transpiration is a function of the predicted vegeta-
tion state (fAPAR), potential evapotranspiration, and a neu-
ral network-learned parameter αT , which represents effective
conductance or stress. The predictions of αT depend on rel-
ative soil moisture, vapor pressure deficit, net radiation, and
static variables (Table 1).

Parameters such as αT are explicit NN outputs. During
training, the NN predicts αT from its inputs, and this value –
together with variables like fAPAR – is passed to the process-
based component to estimate transpiration, which contributes
to total ET. Because ET is constrained by observations, train-
ing minimizes the loss between predicted and observed ET,
thereby adjusting αT , among other parameters, iteratively.
Moreover, αT is also influenced indirectly through other ob-
servational constraints (e.g., TWS, runoff, GPP), so multiple
datasets jointly influence its learning. Further details on the
hydrological model are available in Baghirov et al. (2025).

2.1.2 Carbon cycle

We employ a simple, conceptual carbon cycle model to esti-
mate carbon cycle fluxes (Fig. 1).

GPP is the amount of carbon dioxide absorbed by vege-
tation to produce organic matter through photosynthesis. We
model GPP as:

GPP〈s,t〉 = T 〈s,t〉 ·α〈s,t〉WUE ·CO2
〈s,t〉
·βCO2

(
in gCm−2 d−1

)
(2)

Figure 1. High level overview of the carbon cycle related processes
in H2CM: Acronyms above or below the arrows shown in black
(e.g., GPP) represent modeled parameters. Acronyms next to the ar-
rows and modelled parameters shown in red (e.g., WUE), indicate
parameters directly learned by neural networks to model the corre-
sponding parameter next to the arrow. T : transpiration, WUE: water
use efficiency, GPP: gross primary productivity, CUE: carbon use
efficiency, NPP: net primary productivity, NEE: net ecosystem ex-
change, Ra: autotrophic respiration, Rh: heteorotrophic respiration,
Rb: basal respiration rate, TER: terrestrial ecosystem respiration,
SMmax: maximum soil moisture capacity, SM: soil moisture. Cre-
ated in BioRender (Baghirov, 2025a).

where GPP is a function of transpiration T , atmospheric CO2
concentration, the global constant βCO2 describing the CO2
fertilization effect and NN learned αWUE describing WUE
without the CO2 fertilisation effect. The βCO2 term is a glob-
ally constant, trainable parameter that regulates the strength
of the CO2 fertilization effect on GPP. Although βCO2 does
not explicitly represent a dynamic CO2 fertilization effect,
the model’s linear dependence on atmospheric CO2 interacts
with αWUE which is learned by the neural network as a non-
linear function of vapor pressure deficit, relative soil mois-
ture, net radiation, and static variables (Table 1).

NPP is the net carbon available after autotrophic plant res-
piration. NPP is modeled as:

NPP〈s,t〉 = GPP〈s,t〉 ·CUE〈s,t〉
(

in gCm−2 d−1
)

(3)

where NPP is a function of GPP and CUE. CUE is directly
learned by the NN which receives air temperature, vapor
pressure deficit, net radiation, atmospheric CO2 concentra-
tion, relative soil moisture, fAPAR and NPP at previous time
step, and static variables (Table 1). Autotrophic respiration is
simply calculated as the difference between GPP and NPP.

Heterotrophic respiration, Rh, refers to the process by
which non-photosynthetic organisms (e.g., microorganisms)
decompose organic matter, releasing carbon dioxide back to
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Table 1. Guided neural networks: the first column shows the estimated parameters, the second column lists the inputs used in the estimation
process, the third column details the types of neural networks used for estimating these parameters, and the last column shows behaviour each
neural network controls. αWUE: water use efficiency without CO2 fertilisation, CUE: carbon use efficiency, fAPAR: fraction of absorbed
photosynthetically active radiation, Rb: Basal respiration rate, FCNN: fully connected neural networks, LSTM: long short-term memory,
Rn: net radiation, SM

SMmax
: relative soil moisture, SWE: snow water equivalent, GW: groundwater, VPD: vapor pressure deficit, CO2: atmo-

spheric carbon-dioxide concentration, NPP: net primary productivity. The α parameters that are used in hydrological cycle are introduced in
Baghirov et al. (2025).

Parameter Inputs Neural Neural network’s role
networks

SMmax, αEi Static FCNN Spatial parameters

αrsoil , αrgw , αsmelt Rn, Precipitation, SM
SMmax

, SWEt−1, GWt−1, fAPARt−1, Static LSTM Most hydrological behaviour

αWUE, αT Rn, VPD, SM
SMmax

, Static FCNN Water–carbon coupling

CUE, fAPAR Rn, Tair, VPD, CO2, SM
SMmax

, fAPARt−1, NPPt−1, static LSTM Vegetation and its respiration

Rb, αEs Rn, Precipitation, fAPARt−1, NPPt−1, Static LSTM Upper soil sensitivity

the atmosphere. We model Rh using a traditional Q10 func-
tion:

Rh〈s,t〉 =Q
T
〈s,t〉
air −Tref

10
10 ·Rb〈s,t〉

(
in gCm−2 d−1

)
(4)

where Q10, a global constant learned by the NN, describes
the temperature sensitivity factor, indicating by which fac-
tor respiration increases with a 10 °C rise in air temperature.
Tair is the current air temperature at time t , Tref is the ref-
erence temperature set to 15 °C), and Rb is the basal respi-
ration rate essentially representing the availability of carbon
for Rh and it is learned by a recurrent NN as a function of
precipitation, net radiation, fAPAR and NPP at previous time
step, and static variables (Table 1). TER is the sum between
autotrophic (Ra) and heteorotrophic (Rh) respiration repre-
senting the total amount of carbon dioxide being respired to
the atmosphere. NEE is calculated as the difference between
TER and GPP, where negative values indicate a land carbon
sink.

2.1.3 Overview of the hybrid architecture

Figure 2 illustrates the overall architecture of H2CM:

A. Static inputs and compression. Panel A1 represents the
static environmental inputs, including land cover, soil
properties, wetland extent, and digital elevation. These
features are passed through a fully connected neural net-
work (FC-NN 1; A2) that compresses spatially varying
but temporally invariant information into a latent vector.
FC-NN 1 has two hidden layers with 150 and 12 units,
respectively. The 12-unit latent vector is used as com-
pressed static features and serves as a shared input to all
dynamic sequence layers. The outputs of this static net-
work (A3) include spatially varying parameters such as
maximum soil moisture capacity (SMmax) and αEi con-
trolling interception evaporation.

B–E. Dynamic sequence models. H2CM includes three long
short-term memory (LSTM) networks and an addi-
tional fully connected neural network (FC-NN 2) to
model time-varying processes. Each LSTM contains
one hidden layer with 100 units and is connected to a
small fully connected layer that transforms hidden states
into physically interpretable parameters. These dynamic
modules produce spatio-temporal predictions:

– LSTM 1 (B1–B3): receives the compressed static
features together with dynamic drivers such as
net radiation, precipitation, relative soil moisture,
snow, groundwater, and fAPAR at time t−1. It pre-
dicts coefficients (αrsoil, αrgw, αsmelt) that control
soil recharge, groundwater recharge, and snowmelt
processes.

– LSTM 2 (C1–C3): takes inputs including the static
compressed vector, air temperature, vapor pressure
deficit, CO2 concentration, relative soil moisture,
and fAPAR and NPP at time t − 1. It estimates car-
bon use efficiency and fAPAR.

– LSTM 3 (D1–D3): uses static compressed features,
net radiation, precipitation, fAPAR, and NPP at
time t − 1 to predict the basal respiration rate and
αEs parameter that controls soil evaporation.

– FC-NN 2 (E1–E3): a fully connected neural net-
work with two hidden layers (150 and 12 units) that
predicts water use efficiency and the αT parameter,
which represents effective conductance or stress re-
sponse.

F. Global constants (learned). A set of globally learned pa-
rameters (Q10, βCO2 , βbaseflow, βsnow) provide scaling
relationships for temperature sensitivity of respiration,
CO2 fertilization, baseflow recession, and correction of
snowfall.
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Figure 2. Overview of the H2CM framework. Static inputs (e.g., land cover, soil, elevation) are processed through a fully connected neural
network (two hidden layers: 150 and 12 units) to generate compressed static features. These features feed into three LSTM networks (each
with one hidden layer of 100 units) and an additional fully connected network that predict spatio-temporal parameters regulating hydrological
and carbon processes, including αrsoil, αrgw, αsmelt, αEs, αEi, and αT . Globally learned constants (Q10, βCO2 , βbaseflow, βsnow) control
temperature sensitivity, CO2 fertilization, baseflow recession, and snow corrections. Outputs from all subnetworks are coupled through a
differentiable, mass-balanced water–carbon process model. The process layer produces water fluxes and storages and carbon fluxes, some
of which are directly constrained by observations, including NEE, GPP, fAPAR, TWS, SWE, ET, and runoff. The dashed lines represent
backpropagation used to train H2CM. Created in BioRender (Baghirov, 2026c).

G. Coupled water–carbon cycle model. The outputs from
the static and dynamic subnetworks are passed to a
differentiable, process-based water–carbon cycle model
that enforces mass balance between fluxes. This model
represents the physical coupling between hydrological
and carbon processes, ensuring consistency between
water storage, evapotranspiration, carbon assimilation,
and respiration.

H. Constrained spatio-temporal predictions. During train-
ing, all components of the hybrid architecture are op-
timized jointly, including the static and dynamic neu-
ral subnetworks and the differentiable process-based
water–carbon cycle model. Gradients are propagated
through the full model from the loss function back to the
trainable parameters, so that all trainable components

are updated simultaneously. The neural network com-
ponents generate spatially and spatio-temporally vary-
ing parameters that are passed into the process model,
which produces simulated water fluxes and storages and
carbon fluxes. Some of these outputs (net ecosystem ex-
change, gross primary productivity, fAPAR, terrestrial
water storage, snow water equivalent, evapotranspira-
tion, and runoff) are compared against observational tar-
gets through a composite loss function (I). Because the
process-based component is fully differentiable, gradi-
ents of the loss propagate through the process equations
back to the neural subnetworks via automatic differen-
tiation (dashed arrows in Fig. 2). This enables the net-
works to learn physically consistent parameterizations

https://doi.org/10.5194/gmd-19-4467-2026 Geosci. Model Dev., 19, 4467–4496, 2026



4472 Z. Baghirov et al.: H2CM (v1.0): hybrid modeling of global water–carbon cycles

that minimize discrepancies between modeled and ob-
served dynamics.

When we integrate the carbon cycle with the hydrologi-
cal cycle from H2MV, the number of NN predicted parame-
ters and inputs to the model increases. This expansion raises
the risk of the NN component making estimations based
on unreasonable relationships, known as short-cut learning
(Geirhos et al., 2020). This issue arises due to potential co-
variations among the inputs, where different inputs or their
combinations might be used to estimate certain parameters,
even if such associations are implausible based on estab-
lished process knowledge.

To address this, we ‘guide’ NNs by ensuring they learn
from plausible inputs when estimating specific parameters.
Instead of employing a single large NN to predict all parame-
ters simultaneously, which is a common approach, we divide
the neural networks into groups. Each group is restricted to
learning from plausible relationships, enhancing the reliabil-
ity of the model’s predictions (Table 1 and Fig. 2).

2.2 Model optimization

2.2.1 Cross validation (CV)

To evaluate the generalizability of H2CM, we use a 10-fold
cross-validation (CV) setup. For this purpose, the spatial do-
main is divided into 10 folds composed of different grid cells.
We then train 10 separate models, each time leaving out one
fold of grid cells as the validation set and using the remain-
ing folds for training. The training set is used to optimize
the model, while the validation fold is exclusively for hy-
perparameter tuning, such as selecting the learning rate, and
for early stopping. Furthermore, we keep a separate set of
grid cells as a testing set, which is used only after training to
assess the model’s performance and generalizability. Impor-
tantly, the testing set is never exposed to the models during
the training phase (Fig. A1).

We divide the global data into training, validation, and
testing sets using a spatial-only splitting method (Fig. A1).
This approach ensures that different grid cells are included in
each of the training, validation, and testing sets. To address
spatial autocorrelation among grid cells, we implement a spa-
tial blocking technique as recommended by Roberts et al.
(2017). In this approach, “blocks” refer to spatially contigu-
ous groups of 5°×5° grid cells (25 grid cells in total) that are
treated as single sampling units. These blocks are randomly
selected from the global data, ensuring that the majority of
the data (approximately 80 % of the grid cells) is allocated to
the training set. The remaining∼ 20 % of the data is reserved
for validation and testing. In practice, each of the 10 cross-
validation folds contains roughly 1/11 of the total data for
validation, while∼ 1/11 of the data is held out as a fixed test-
ing set for final evaluation. The random selection of blocks
also ensures that the training, validation, and testing sets ap-
proximately represent grid cells from all continents.

This split is crucial for accurately testing the model’s gen-
eralizability on unseen testing grid cells and helps in un-
derstanding potential overfitting to the training data. Ideally,
testing on both spatial and temporal dimensions, known as
spatio-temporal splitting, would provide a more rigorous as-
sessment. However, with the current set-up implementing
proper time splitting for cross-validation is not feasible due
to inconsistent and limited temporal coverage across differ-
ent data constraints (Table 2). To assess the model’s general-
izability across both space and time, we conducted an ad-
ditional experiment in which the model was trained using
data from 2001 to 2017 and evaluated on the subsequent two
years (2018–2019; Appendix C). The results show qualita-
tive agreement with the spatial CV setup, thereby justifying
its validity in this study.

2.2.2 Loss function

We use the mean squared error (MSE) as the loss function,
following the approach in Baghirov et al. (2025). The loss
function MSE

L(X,2,β)=
1
Nc

C∑
c=1

Nc∑
i=1

(
yc,i − ŷc,i

)2 (5)

evaluates the model’s performance based on the inputs X,
the neural network weights 2, and the global constants β.
In this context, C denotes the number of data constraints,
Nc is the number of data points for each constraint c, and
yc,i and ŷc,i represent the observed and predicted values for
the constraint c, respectively. Throughout the training pro-
cess, 2 and β are adjusted to minimize the overall loss L.
Note that we apply a Z-transformation to predictions and ob-
servations before computing the loss. This standardizes each
variable by subtracting its mean and dividing by its standard
deviation, removing the effect of different units and balanc-
ing the contributions of each data constraint to the total loss.

The loss function combines all data constraints into a sin-
gle objective, where MSE is computed by concatenating the
data across grid cells and monthly data for each variable. The
only exception is for the data constraint on long-term NEE
from CarboScope. In situ–based inversions such as Carbo-
Scope are generally more robust when averaged globally but
become increasingly uncertain at the grid-cell level. There-
fore, we first compute the spatial mean of both CarboScope
and H2CM NEE monthly anomalies during training within
each batch (subset of training samples processed together in
one optimization step). This yields time series of spatial av-
erages for which we calculate the loss.

2.2.3 Model training

We use the strategy outlined by Baghirov et al. (2025) to op-
timize H2CM for each CV fold separately, which includes
utilizing the Adam optimizer (Kingma and Ba, 2014). We
set the initial learning rate to 0.005 and used a step-wise
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Table 2. Overview of datasets: meteorological forcings, static inputs, and data/observational constraints. All temporally varying constraints
were aggregated to monthly resolution. The Resolution column lists the original (native) resolution of each dataset.

Resolution

Name Spatial Temporal Temporal coverage Data Reference

Meteorological forcing

Precipitation 1° Daily 2001–2019 GPCP 1dd v1.2 Huffman et al. (2016)
Net radiation 1° Daily 2001–2019 CERES SYN1deg Ed4A Wielicki et al. (1996), Doelling (2017)
Air temperature 0.5° Daily 2001–2019 CRUNCEP v8 Harris et al. (2013), Viovy (2018)
Vapor pressure deficit 1° Daily 2001–2019 ERA5 Hersbach et al. (2020), Soci et al. (2024)
Atmospheric CO2 1° Hourly 2001–2019 CAMS Inness et al. (2019), Agustí-Panareda et al. (2023)

Static data

Soil properties 1/120° – – Soil grids v2 Hengl et al. (2017), Poggio et al. (2021)
Land cover fractions 1/360° – – Globland30 v1 Chen et al. (2015)
Digital elevation model 1/120° – – GTOPO EROS Center (2017)
Wetlands 1/240° – – Tootchi Tootchi et al. (2019)

Data constraints

Terrestrial water storage 0.5° Monthly 2001–2017 GRACE Tellus JPL RL06M v1 Watkins et al. (2015)
fAPAR 500 m 8 daily 2001–2019 MOD15A2H Myneni et al. (2015)
Snow water equivalent 0.25° Monthly 2001–2018 GlobSnow v3 bias corrected Luojus et al. (2014), Luojus et al. (2021)
Evapotranspiration 0.05° Hourly 2001–2019 FLUXCOM-X-BASE Jung et al. (2019), Nelson et al. (2024)
Runoff 0.5° Monthly 2001–2019 GRUN v2 Ghiggi et al. (2021)
Gross primary productivity 0.05° Hourly 2001–2019 FLUXCOM-X-BASE Jung et al. (2020), Nelson et al. (2024)
Net ecosystem exchange 1° Monthly 2015–2019 OCO-2 v10 MIP Byrne et al. (2023)
Net ecosystem exchange 1° Monthly 2001–2019 Jena CarboScope Rödenbeck et al. (2018)

learning-rate scheduler (StepLR; Paszke et al., 2019) that de-
cays the rate by a fixed factor at fixed epoch intervals. Hy-
perparameters were tuned by training multiple model vari-
ants and selecting the configuration that achieved strong val-
idation performance with stable training. During training,
all inputs to the neural networks are standardized using Z-
transformation (so deviations from the mean are preserved
in standardized units). We also implement early stopping, a
technique that monitors both validation and training losses.
This approach halts further training if the model’s perfor-
mance on the validation set either declines or remains un-
changed, thereby preventing overfitting to the training data.
Throughout training, we keep track of the validation loss and
select the final model based on the smallest total loss ob-
served on the validation set. This selected model is then used
for making final predictions, such as on the testing set.

2.3 Datasets

Our model receives meteorological time series data for each
grid-cell, including precipitation, net radiation, air tempera-
ture, vapor pressure deficit, and the atmospheric concentra-
tion of CO2, as inputs (Table 2). We use net radiation as a
single forcing term rather than separately prescribing short-
wave and longwave components. This simplification lever-
ages the strong empirical correlation between shortwave and
net radiation at daily scales (Jung et al., 2024). Additionally,
we incorporate static inputs, which vary only between grid-
cells that consist of soil properties, land cover fractions, ele-
vation, and wetlands, as described in Baghirov et al. (2025).

In general, we selected meteorological and static datasets that
are widely used in the community, quality-checked, and of-
fer the best compromise between spatial/temporal resolution
and observational accuracy for each variable.

All meteorological forcing and data constraints were ag-
gregated to a 1° spatial resolution. The spatial resolutions of
static inputs were aggregated to 1/30°. Meteorological forc-
ing data are maintained in their native daily temporal resolu-
tions, while a monthly temporal resolution is applied to the
data constraints.

Throughout, we use “data constraints” to denote data-
driven constraints implemented as observation-based loss
terms using TWS, SWE, ET, runoff, fAPAR, GPP, and NEE
(Table 2). These terms guide the model’s predictions but
are not physically defined hard bounds or conservation laws.
Physical constraints (e.g., mass balance) are enforced by the
process-oriented component of the model.

We use the OCO-2 LNLGIS atmospheric inversion
MIP (v10) ensemble median to constrain our estimations
of NEE at 1° spatial resolution for the period 2015–2020,
which uses satellite column and in-situ CO2 observations
jointly. Additionally, we use CarboScope (in-situ based NEE
inversion product) to constrain the long-term spatial aver-
age monthly anomalies of NEE estimations. Both OCO-2
MIP and CarboScope estimate the carbon exchange, which
includes contributions from fire emissions that we do not
model. Therefore, we use fire emission data from GFED (v4)
(Chen et al., 2023) to subtract fire emissions from OCO-2
and CarboScope inversions. We only use the mean seasonal
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Table 3. Carbon-water cycle metrics used in this study, with abbre-
viations, definitions, and units.

Parameter Abbreviation Ratio Unit

Precipitation use efficiency PUE NPP
Prec gC kg H2O−1

Water use efficiency WUE GPP
T

gC kg H2O−1

Carbon use efficiency CUE NPP
GPP –

Light use efficiency LUE GPP
APAR gC MJ−1

cycle of GPP and ET from FLUXCOM-X-BASE, and runoff
from GRUN to constrain the seasonality of our simulations
(Table 2), due to caveats of representing interannual variabil-
ity of these data products (Ghiggi et al., 2019; Jung et al.,
2019, 2020; Nelson et al., 2024).

Additionally, we apply a soft constraint on the spatial
distribution of mean annual CUE (NPP/GPP), using the
TRENDY (v11) ensemble median of global process-oriented
ecosystem models (Sitch et al., 2024) as data constraint.
This helps to constrain plausible relative contributions of
autotrophic and heterotrophic respiration in H2CM. Note
that this step only constrains the magnitude of mean CUE
based on theoretical expectations, while temporal variations
of CUE emerge from training H2CM.

2.4 Model evaluation

We assess our model’s performance by utilizing the root
mean square error (RMSE), Pearson’s correlation coeffi-
cient (r), and the standard deviation ratio (SDR), which com-
pares the predicted standard deviation to the observed stan-
dard deviation. These metrics are also calculated based on
a decomposition into the mean seasonal cycle (MSC) and
monthly anomalies (A).

We calculate MSC as:

MSC(m)=
1
Y

Y∑
y=1

pm,y (6)

where pm,y denotes the predicted or observed variable for
month m and year y, and Y represents the total number of
years.

The monthly anomaly (A(m,y)) represents the deviation
of a given month’s value from its mean seasonal cycle:

A(m,y)= pm,y−MSC(m) (7)

where pm,y represents the estimated or observed variable for
a certain monthm and year y, and MSC(m) denotes MSC for
that specific month m.

To assess the plausibility of simulated carbon-water rela-
tions we assess emerging spatial patterns of key functional
parameters detailed in Table 3.

3 Results and discussions

3.1 Model evaluation

3.1.1 Validation with independent test set

In this section, we evaluate the performance of H2CM in re-
producing the monthly, MSC, and monthly anomalies of GPP
and NEE across the testing set that was not exposed to the
model during training (Fig. A1).

H2CM nearly perfectly reproduces the monthly and sea-
sonal patterns of both GPP and NEE, with a Pearson’s cor-
relation coefficient (r) close to 1 (Figs. 3 and B1–B3). The
monthly anomaly of GPP and NEE (based on OCO-2 data)
has a Pearson’s r of approximately 0.7 (mean across mem-
bers), while the monthly anomaly of NEE based on Carbo-
Scope data has a Pearson’s r of approximately 0.5. Uncer-
tainties in the inversions of NEE monthly anomaly when lo-
cating in space and time also contribute to lowered perfor-
mance metrics, as some of the variance in the inversions is
noise, not signal.

The SDR for the monthly and seasonal patterns of GPP
and NEE is close to 1, indicating the model’s strong
capability in accurately reproducing these patterns. The
SDR for GPP monthly anomaly is greater than one, sug-
gesting an overestimation of GPP monthly anomaly com-
pared to FLUXCOM-X-BASE. This outcome is expected,
as we do not explicitly constrain GPP monthly anomaly,
and FLUXCOM-X-BASE is known to underestimate the
GPP interannual variance (Nelson et al., 2024). Conversely,
H2CM underestimates NEE monthly anomaly in both short-
term (OCO-2) and long-term (CarboScope) contexts, as in-
dicated by a low SDR value.

In terms of RMSE, H2CM tends to exhibit higher errors
for monthly and seasonal data compared to monthly anoma-
lies. This elevated RMSE primarily reflects the large magni-
tude of the seasonal cycle, such that even relatively small
absolute deviations lead to substantial RMSE values. De-
spite this, the near-unity Pearson’s r and SDR indicate that
the phase and relative amplitude of the seasonal cycle are
well captured. In contrast, the monthly anomalies exclude the
dominant seasonal component, resulting in smaller RMSE
due to their reduced variance, but typically lower correlations
because only irregular year-to-year variations remain.

Globally, H2CM reproduces GPP patterns from
FLUXCOM-X-BASE with RMSEs of 0.1, 0.09, and
0.05 gC m−2 d−1 for monthly data, mean seasonal cy-
cles (MSC), and monthly anomalies, respectively. For NEE
from OCO-2 satellite inversions, RMSEs are 0.04, 0.03,
and 0.02 gC m−2 d−1 for the same categories. Compared
to CarboScope in-situ inversions, H2CM yields RMSEs
of 0.07, 0.06, and 0.03 gC m−2 d−1. Bias is negligible (close
to 0) for GPP and NEE (OCO-2), and for NEE (CarboScope)
is 0.01 gC m−2 d−1 for monthly and MSC data, and zero for
monthly anomalies (Table B1).
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Figure 3. Model performance for carbon fluxes based on the spatial average over testing-set grid cells. Cross bars represent the minimum
and maximum errors across the 10 cross-validation folds, and the central lines indicate the mean error. Rows correspond to performance
metrics, and columns represent model constraints. RMSE denotes root mean squared error, and SDR is the standard deviation ratio (the ratio
between predicted and observed standard deviation). Horizontal dashed lines denote ideal metric values, with R2 and SDR equal to 1 and
RMSE equal to 0.

Note that, although the results discussed here are based on
the spatial-only cross-validation setup, Appendix C demon-
strates that the model also generalizes well to unseen years,
at least over short-term future periods. For example, when
testing our model on unseen years for monthly GPP and
NEE values, Pearson’s r is close to 1 for GPP and 0.96 for
NEE. These results hold for both the spatial split (original
model) and spatio-temporal split experiments, with very sim-
ilar ranges across cross-validation folds (Fig. C1).

Model performance on water cycle-related data constraints
is presented in Appendix B. We do not delve into the de-
tails here, as the performance is qualitatively similar to that
of H2MV, which has been thoroughly discussed in Baghirov
et al. (2025).

3.1.2 Global patterns

3.1.3 Gross and net carbon fluxes

In this section, we evaluate H2CM’s performance in terms
of learned global mean spatial patterns of GPP and NEE.
We compare H2CM’s estimations to the data constraints pro-

vided by FLUXCOM-X-BASE and OCO-2 satellite inver-
sions, as well as to the estimations from TRENDY.

FLUXCOM-X-BASE, H2CM, and TRENDY show very
similar spatial patterns of mean GPP with largest values
in wet tropical regions such as South America, Central
Africa, and Southeast Asia (Fig. 4a). While mean annual
GPP from H2CM and FLUXCOM-X-BASE are nearly iden-
tical, TRENDY tends to show somewhat larger GPP in
central South America, central Africa, and Southeast Asia,
while lower GPP across much of the Northern Hemisphere
(Fig. B10a). H2CM reproduces the spatial patterns of mean
NEE from the OCO-2 MIP, whereas TRENDY’s estimations
show little spatial gradients (Figs. 4b and B10b). Specifically,
both H2CM and OCO-2 inversions suggest the largest carbon
sources in northeastern South America, tropical Asia, and in
the Savannah belt south of the Sahara in Africa. In contrast,
the eastern parts of North America and Europe, the south-
west of South America, areas south of the Equator in Africa,
and the eastern parts of China appear as carbon sinks in the
period 2015–2019.
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Figure 4. Comparison of predicted versus target global GPP and NEE against TRENDY estimates. Maps show the median predictions across
members: H2CM (10-fold cross-validation, with members corresponding to folds), OCO-2 (inversion ensemble members), and TRENDY
(individual process-based models). Column (a) shows GPP, while column (b) shows NEE. Mean annual averages are calculated over 2001–
2019 for GPP and 2015–2019 for NEE.

3.1.4 Global spatial patterns of functional diagnostics

In this section, we qualitatively evaluate emerging global pat-
terns in H2CM, focusing on key indicators such as precipi-
tation, water, carbon, and light-use efficiency. These ratios,
calculated based on mean annual values, help to diagnose
and understand water–carbon cycle dynamics and coupling.
Thus, this serves as credibility checks and a qualitative func-
tional evaluation against patterns from existing studies in the
literature.

H2CM estimates largest PUE values for high latitudes,
particularly in regions such as western Canada, parts of Eu-
rope, and the Eurasian boreal regions (Fig. 5a). These find-
ings strongly align with the results reported by Chen et al.
(2020) that estimated rain use efficiency based on a light use
efficiency model forced by satellite data, both in terms of
spatial patterns and the magnitude of the estimations. Ad-
ditionally, another study by Liu et al. (2024b) employed a
regression model based on meteorology and remote sensing,
to estimate rain use efficiency, specifically focusing on Aus-
tralia. Although they used GPP to estimate rain use efficiency
instead of NPP as we did, their findings for Australia are
also very consistent with our model’s estimates for the region
such as reduced PUE in Australia’s interior. Overall, H2CM
estimates low PUE in very wet and very dry regions, indicat-
ing that PUE peaks at intermediate moisture conditions. In
dry areas, the low PUE pattern can be attributed to lower veg-

etation growth rates (Paruelo et al., 1999), enhanced losses
by evaporation (lower T/ET, Nelson et al., 2024), or water
losses through runoff after rare but intense rainfall. In wet re-
gions, a large fraction of precipitation is lost to runoff, and
other factors such as light and nutrients may limit photosyn-
thesis, which also can also cause a decline of PUE (Paru-
elo et al., 1999; Huxman et al., 2004). We expect that PUE
is very well constrained in H2CM because precipitation is a
model input, and NPP is well constrained by data constraints
on GPP and CUE.

H2CM estimates high WUE in regions such as northern
North America (specifically Alaska and Canada), Northern
Europe, the Eurasian boreal regions, certain areas in South
America, Central Africa, the southernmost parts of Aus-
tralia, and New Zealand (Fig. 5b). In contrast, H2CM pre-
dicts lower WUE for most arid regions. Low WUE estima-
tions for arid regions is consistent with theory and observa-
tions predicting declining WUE with increasing VPD (Boese
et al., 2019; Li et al., 2023; Medlyn et al., 2017, 2011; Katul
et al., 2009). The attenuated WUE in tropical forests might
be related to larger costs of transporting water through tall
trees (Prentice et al., 2013). Our study defines WUE with
respect to transpiration, while empirical studies often define
it as a function of total evapotranspiration. This can lead to
significant differences due to spatial variations of transpira-
tion versus evapotranspiration (Lawrence et al., 2007; Wei
et al., 2017b). However, Ito and Inatomi (2012) provides
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Figure 5. Emerging global patterns in H2CM: (a) Precipitation Use Efficiency (PUE= NPP/Prec), (b) Water Use Efficiency (WUE=
GPP/T ), (c) Carbon Use Efficiency (CUE= NPP/GPP), and (d) Light Use Efficiency (LUE= GPP/APAR). The maps represent the median
across 10 cross-validation folds. The mean annual average is calculated over the years 2001–2019.

global WUE estimations as a function of GPP and transpira-
tion based on process-based model simulations, which align
well with H2CM’s WUE estimations in terms of both spatial
patterns and magnitudes. H2CM’s WUE is constrained by
GPP and ET data, while mainly fAPAR (also constrained by
observations) and the respective process formulations con-
strain the partitioning of ET into transpiration and evapora-
tion components.

H2CM generally estimates higher CUE values in higher
latitudes and lower CUE values in most of the Southern
Hemisphere (Fig. 5c). The range of these estimations is rel-
atively narrow, approximately between 0.45 and 0.6, indi-
cating that roughly 45 %–60 % of GPP is converted into net
biomass. The patterns reflect the general expectation that the
fraction of autotrophic respiration increases with temperature
and biomass. This is expected because we have constrained
the spatial pattern of mean annual CUE to align with predic-
tions from the TRENDY ensemble of process models. Other
studies have consistently reported similar findings in terms
of magnitude and spatial patterns (He et al., 2018; Konings
et al., 2019; Liu et al., 2019; Tao et al., 2023; Wang et al.,
2022; Zhang et al., 2013).

H2CM estimates high effective LUE for regions such as
the northwest parts of North America, the eastern states of
Canada and the United States, Europe, the Eurasian boreal
regions, South America, Central Africa, and Southeast Asia
(Fig. 5d). Low LUE for dry regions are expected due to in-
creased water limitations. A study by Liu et al. (202a), using
FLUXNET site data and satellite-derived proxies, found re-
sults closely matching ours, particularly in spatial patterns.
Similarly, Wei et al. (2017a) used random forest to estimate
LUE based on flux tower data, aligning mostly with our esti-
mations, though they report lower LUE values for the north-
west part of North America and the Eurasian boreal regions.

3.2 Estimated seasonality of carbon fluxes across
major regions

In this section, we assess the estimated seasonality of
NEE, GPP, and TER as predicted by H2CM. Conceptu-
ally, H2CM is intended to be a bridge between purely data-
driven approaches and purely process-based models. There-
fore, we compare our estimations with both a pure data-
driven model (FLUXCOM-X-BASE, Nelson et al., 2024)
and state-of-the-art process-based models (TRENDY, Sitch
et al., 2024). Our evaluation focuses on global and four ma-
jor TransCom regions covering different climates: Eurasian
Boreal, North American Temperate, South American Tropi-
cal, and Southern Africa (Fig. E1).

Overall, H2CM outperforms both FLUXCOM-X-BASE
(in terms of NEE) and TRENDY (in terms of NEE and
GPP) globally and across all regions, as measured by
RMSE and R2 (Fig. 6). H2CM, FLUXCOM-X-BASE, and
TRENDY median all accurately capture most of the sea-
sonal variation in global NEE and for the Eurasian Boreal
region. However, the range among different TRENDY mod-
els is very large, and the ensemble median underestimates
the peak of net carbon uptake in summer, apparently due to
an underestimation of GPP (Fig. 6).

For the North American Temperate region, both H2CM
and FLUXCOM-X-BASE effectively capture most of the
seasonal variation in NEE, with R2 values of 1 and 0.98, re-
spectively. In terms of TER, there is good agreement across
all approaches (Fig. 6). Similar as for the Eurasian boreal re-
gion, TRENDY median underestimates the net carbon uptake
peak in summer peak of NEE, and exhibits a slight phase
shift of NEE seasonality. This issue seems attributable to
TRENDY’s GPP estimations, where similar problems are ob-
served (underestimation of the peak and slight shift).
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Figure 6. Predicted seasonality of carbon fluxes compared with data constraints, FLUXCOM-X-BASE, and TRENDY across four major
Transcom regions. Shaded areas represent the range across model members (or 10 CV folds in H2CM), with lines indicating the median.
Each column corresponds to a different region, and each row represents a distinct carbon flux. Subplots for NEE and GPP include tables
with metrics for each region. NEE comparisons involve H2CM, FLUXCOM-X-BASE, and TRENDY against OCO-2 inversions, while
GPP comparisons involve H2CM and TRENDY with FLUXCOM-X-BASE. Metrics for TER are omitted due to the absence of direct data
constraints. Note varying y-axis scales for different regions.

In the South American Tropical region, only H2CM cap-
tures 69 % of the subtle seasonal variation in NEE, which
shows a seasonal cycle characterized by a double peak of
net carbon release. FLUXCOM-X-BASE captures the first
carbon release peak qualitatively but not the second, while
TRENDY’s seasonality seems unrelated to the OCO-2 inver-
sion estimates. Interestingly, the seasonality of GPP is sim-
ilar between H2CM, FLUXCOM, and TRENDY, while sea-
sonality of TER deviate across modeling approaches. The
discrepancy of FLUXCOM and TRENDY with respect to
NEE variations of H2CM is dominated by TER, as H2CM
estimates a positive TER peak in October, which TRENDY
and FLUXCOM-X-BASE do not. The peak of net carbon up-
take suggested by OCO-2 inversions does not coincide with
the GPP peak, which is qualitatively reproduced by H2CM.
One possible explanation for the poor NEE estimations in
the South American Tropical region is the potential omission
of certain processes in the models. Given the role of respira-
tion in shaping net carbon release patterns in the wet tropics
and the apparent discrepancies related to TER among mod-
els, it seems that wetness effects on respiration remain to be a
modelling issue. H2CM’s neural network component seems

effective to compensate for this to some extent by learning
responses from the observational constraints.

In Southern Africa, H2CM explains most of the varia-
tion in NEE (based on OCO-2 MIP) with an R2 of 0.96.
TRENDY reasonably reproduces the patterns with an
R2 of 0.76, while FLUXCOM-X-BASE performs poorly
with an R2 of 0.16. Also in this subtropical dry region, NEE
seasonality and discrepancies among models seem related to
respiration as both H2CM and TRENDY capture most of the
variation in GPP in terms of R2 (Fig. 6). H2CM accurately
reproduces the prominent peak of net carbon release at the
end of the year, whereas TRENDY captures it poorly, show-
ing a slight shift in the peak estimation, and FLUXCOM-
X-BASE completely misses it (Fig. 6). Several studies have
highlighted the challenges of correctly capturing NEE sea-
sonality in dry regions (Jung et al., 2020; Lee et al., 2025;
Metz et al., 2025; Nelson et al., 2024; Bodesheim et al.,
2018). The carbon release peak in Southern Africa was at-
tributed to the rapid stimulation of microbial respiration due
to re-wetting when transitioning from the dry to the rainy
season (Metz et al., 2023, 2025). Also for dry subtropical re-
gions FLUXCOM-X-BASE and TRENDY models struggle
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to accurately represent the differential responses of photo-
synthesis and respiration processes to water effects. These
carbon-water interactions lead to complex seasonal varia-
tions of NEE, which are characterized by carbon release
peaks in contrast to boreal and temperate regions dominated
by a GPP driven carbon uptake peak. In the next section,
we further diagnose the origin of the carbon release peak in
Southern Africa by H2CM.

3.3 Net carbon release peak in Southern Africa

In this section, we focus on the drylands of Southern Africa
– a region with large contribution to global NEE interannual
variability but where FLUXCOM-X-BASE and TRENDY
struggle to reproduce even seasonal dynamics. We analyze
how H2CM represents the patterns and processes governing
NEE seasonality in this region and show that our hybrid mod-
eling approach provides insight into these complex dynam-
ics.

To infer which regions contribute most to the end-of-year
net carbon release peak in Southern Africa, we plotted the
NEE difference between December and August (Fig. 7a). In-
terestingly, the largest amplitude occurs in the sub-humid re-
gion covering the Miombo woodlands, and not in the drier
southern part of Africa. Similarly, Metz et al. (2025) inferred
that the more northern regions of Southern Africa contribute
most to the peak based on an atmospheric inversion using
GOSAT data, while those did not permit a more detailed spa-
tial assessment.

To better understand the simulated carbon dynamics by
H2CM, we plot daily variations of NEE, NPP, and het-
erotrophic respiration for a grid cell in the center of this
region (Fig. 7a). The NEE variations from August to De-
cember are characterized by a gradual increase until about
November, driven by a concomitant rise in Rh (Fig. 7a).
With the onset of the rain, both Rh and NEE exhibit sharp
increases. This phenomenon aligns with the “Birch effect”
(Birch, 1964; Jarvis et al., 2007), where re-wetting causes a
respiration pulse. Recent studies based on atmospheric inver-
sions using GOSAT data have found that this effect shapes
NEE variations in dry areas such as Australia (Metz et al.,
2023), Southern Africa (Metz et al., 2025) and dry regions of
South America (Vardag et al., 2025).

Interestingly, at this location, we also observe that NPP
declines when it rains, which further amplifies the NEE re-
sponse. This suggests that in H2CM, the region’s GPP gets
limited by light rather than water, due to reduced radia-
tion from cloudiness. In fact, previous studies indicate that
the Miombo forests remain green throughout the dry sea-
son (Küçük et al., 2022), likely due to water access through
deep rooting (Stocker et al., 2023). Our findings based on
H2CM suggest that light limitation of photosynthesis in
the Miombo contributes to the end-of-season NEE peak in
Southern Africa, in addition to the previously known re-
wetting driven respiration response.

This example highlights H2CM’s ability to capture and
explain complex carbon cycle phenomena. It suggests that
H2CM learned plausible carbon flux responses to high-
frequency (daily) variations in environmental conditions,
even though only low-frequency (monthly) data constraints
were used during training.

3.4 Discussion of the H2CM approach

3.4.1 Scope and strength

H2CM is a process-aware hybrid framework that integrates
machine learning with simplified process-based formula-
tions, and can be positioned within the broader family
of model–data integration strategies that aim to combine
physics with machine learning. This family includes ap-
proaches such as physics-informed neural networks (Tar-
takovsky et al., 2020; Wang et al., 2020; Raissi et al., 2019),
physics-guided machine learning (pgml, Pawar et al., 2021;
Karpatne et al., 2017), and differentiable modeling (Shen
et al., 2023). Rather than reproducing the detailed parameter-
izations used in comprehensive land-surface models, H2CM
employs conceptual process formulations to maintain in-
terpretability and ensure parameter identifiability under the
available observational constraints.

The primary objective of H2CM is to deliver a consistent,
observation-constrained “reanalysis” of coupled carbon–
water states and fluxes over recent decades by fusing di-
verse data streams within a process-informed ML architec-
ture. H2CM is not intended to replace land surface models
coupled into Earth system models, nor to provide long-term
projections; such applications would require more complete
representations of processes and feedback. Instead, H2CM
can be perceived as a bridge between empirical and process-
based modeling which enables a coherent interpretation of
only partially observed coupled carbon–water cycle variabil-
ity and interactions. H2CM is a global model in the sense
that it is applied consistently across grid cells covering the
global land surface, while it remains local as it does not simu-
late lateral processes among grid cells. Although the domain
and grid are, in principle, arbitrary, the present design is tai-
lored to comparatively coarse grid cells for improved con-
sistency with spatially coarse observational constraints like
TWS from GRACE or NEE inversions.

H2CM advances the field by combining previous
approaches – such as fully data-driven models like
FLUXCOM(-X-BASE) (Jung et al., 2019, Jung et al. (2020),
Nelson et al. (2024)) and fully process-based models like
TRENDY (Sitch et al., 2015, Sitch et al. (2024)) – by aiming
at combining their strengths: it learns directly from global
observations through its machine learning component, while
respecting conceptual process understanding and mass bal-
ance. Relative to process-based TRENDY models, which
rely on numerous parameterizations yet struggle with re-
gional and climate-specific patterns in observation-based car-
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Figure 7. (a) The difference in NEE between the peak month (December) and the onset of the gradual increase (August). The black point on
the map indicates the specific grid cell location from which the time-series data is derived. (b) Response of CO2 fluxes to rainfall in Southern
Africa. The left y axis represents CO2 flux values, while the right y axis corresponds to precipitation values. The time-series is based on
daily flux predictions from September through December for 2006 and median across 10-CV folds.

bon fluxes, H2CM better captures key spatial–temporal fea-
tures in observations (Fig. 6). Likewise, compared with fully
data-driven FLUXCOM approaches that depend primarily on
site-level eddy covariance data and can underperform in trop-
ical and subtropical regions with sparse coverage, H2CM
leverages complementary data streams and process-aware
structure to improve generalization (Fig. 6).

Both, the rich information provided by complementary
Earth Observations to H2CM, and the flexibility of machine
learning to exploit these, contribute to the good performances
of the model. Clearly, a key factor for the improved per-
formance of H2CM compared to FLUXCOM in capturing
NEE variations inferred from atmospheric inversions is the
integration of this data constraint in the hybrid modeling ap-
proach. While this might also explain H2CM’s improved per-
formance compared to TRENDY, the machine learning com-
ponent used to parameterize the conceptual process equa-
tions seems to contribute to the success significantly. A use-
ful point of reference is the model-data-integration approach
by Lee et al. (2025), which shares a similar model structure
of conceptual process equations of carbon and water cycles,
and nearly identical observational constraints. The key differ-
ence is the representation of parameters in process equations:
the study by Lee et al. (2025) assumes globally constant pa-
rameters, whereas H2CM uses neural networks to predict pa-
rameters that vary spatially and/or temporally. Overall, both
approaches, being strongly data-constrained, capture large-
scale patterns well. However, H2CM achieves higher per-
formance, in particular in dry and wet tropical regions with
partly complex linkages of carbon and water cycles. This il-

lustrates the added value of the adaptive machine learning
module in H2CM for better model performance. Taken to-
gether, H2CM’s skill emerges from the synergy of concep-
tual process formulations, diverse observational constraints,
and adaptive parameterization through machine learning.

3.4.2 Uncertainties and limitations

H2CM heavily depends on data-driven learning, incorporat-
ing both meteorological forcings and data constraints. The
primary constraints on the carbon cycle include GPP sea-
sonality from FLUXCOM-X-BASE, NEE from OCO-2, and
global NEE monthly anomalies from CarboScope. Each of
these data sources is subject to uncertainties, which could
propagate to H2CM. Accounting for data uncertainties ex-
plicitly in H2CM, e.g. based on a Bayesian approach, would
be desireable conceptually. However, the lack of adequate
and comparable quantitative information on data uncerainties
across different data streams limits this approach in practice.

We tried to mitigate known issues of the observational con-
straints by making the loss function sensitive to the more ro-
bust patterns in the data, e.g. by using only the mean seasonal
cycles of GPP by FLUXCOM-X-BASE due to known limi-
tations for interannaul variability (Jung et al., 2020; Nelson
et al., 2024). However, uncertainty of the GPP mean seasonal
cycle of X-BASE remain for example in the region of tropi-
cal South America. Thus, potential biases in the seasonal cy-
cle of FLUXCOM-X-BASE GPP likely propagate to H2CM,
which could then also compromise simulations of respiration
due to the concomitant data constraint on NEE.
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To constrain H2CM’s NEE estimations, we utilize an
atmospheric inversion ensemble using in-situ and OCO-2
satellite-based column XCO2 data. Despite significant ef-
forts and advancements in XCO2 retrievals from OCO-2, the
preferential sampling of clear-sky conditions and remaining
retrieval biases may affect inferred NEE variations (Con-
nor et al., 2016; Kulawik et al., 2019a, b; Worden et al.,
2017). Additional uncertainties from various methodolog-
ical choices, particularly in atmospheric transport model-
ing, result in poorly constrained spatial inversion results
(Yun et al., 2025; Zhang et al., 2022; Byrne et al., 2023).
We used 1° OCO-2 MIP results to constrain NEE, which,
despite the added value of extensive XCO2 data, may be
overly optimistic. Therefore, some discrepancies between
H2CM-simulated and OCO-2 MIP-based NEE at 1° resolu-
tion (Fig. B10b) are due to this data constraint uncertainty.
Since the issue of loose spatial constraints is even more pro-
nounced for atmospheric inversions using only the sparse in-
situ CO2 network, we used only the spatial batch average as
a data constraint from CarboScope.

Exploiting H2CM’s explicit process interpretability for
process understanding requires sufficiently strong observa-
tional constraints to overcome equifinality – i.e., different
processes or pathways yielding similar outcomes when data
are not informative enough. Examining the spread among
10 CV models trained on different cross-validation folds and
with different random initializations indicates good qualita-
tive robustness under varying training data (Baghirov et al.,
2025). Nevertheless, the globally constant temperature sen-
sitivity of respiration (Q10) and the scalar for the rela-
tive CO2 fertilization effect on GPP (βCO2 ) show signs
of non-identifiability. Across CV folds, the median Q10
(unitless) is 1.25, with a range of 1.24–1.27, lower than
literature values for heterotrophic/soil respiration (1.4–2;
Zhou et al., 2009; Meyer et al., 2018; Niu et al., 2021).
For βCO2 the median value learned across CV folds is
35.82 (% 100 ppm−1). The range of values extends from
26.88 (% 100 ppm−1) to 62.71 (% 100 ppm−1), which ex-
ceeds observational estimates of roughly 14 % 100 ppm−1–
16% 100 ppm−1 (Ainsworth and Rogers, 2007; Wang et al.,
2020; Ueyama et al., 2020; Zhan et al., 2024). To probe
this, we imposed informative priors on these global constants
(Appendix D). Under these priors, H2CM recovered βCO2 =

15 (% 100 ppm−1) and Q10 = 1.5 – matching the priors ex-
actly – while other model results and performance remained
qualitatively unchanged. These findings indicate that with the
current data constraints, Q10 and βCO2 are not fully identifi-
able, underscoring the value of stronger observational con-
straints and the incorporation of process knowledge (e.g., via
priors or loss-function regularization) for decadal-scale as-
sessments with H2CM.

Deviations of H2CM simulations from the data constraints
such as for NEE in tropical South America (Fig. 6) are useful
indications for missing information or issues in the data. This
is because H2CM cannot fit the data constraints if (1) the

relevant signals are not present in the model forcing data;
or (2) the model’s process formulations do not permit it,
e.g. due to a missing process representation that cannot be
captured by the flexibility of the machine learning compo-
nent; or (3) because there is a conflict among different obser-
vational constraints that cannot be satisfied simultaneously
given the process formulations.

While incorporating process understanding in H2CM also
provides theoretical constraints that can help to regularize the
NNs (Reichstein et al., 2019; Shen et al., 2023), a trade-off
between model complexity and parameter identifiability is
obvious. Thus the simple nature of process representations in
H2CM is justified by the limited information content of the
used observations to disentangle subprocesses, and by min-
imum requirements on interpretability. For example, we use
net radiation as a single forcing term rather than separately
prescribing shortwave and longwave components for sim-
plicity as shortwave and net radiation are strongly correlated
at daily time scale (Jung et al., 2024). Currently, H2CM lacks
several important components of the land system, which are
relevant for the coupled water and carbon cycles. For ex-
ample, it does not yet explicitly model vegetation and soil
carbon pools, as the current focus has been on spatial varia-
tions of carbon fluxes from sub-seasonal to interannual time
scales. Furthermore, H2CM does not incorporate the effects
of disturbances such as fire, or other drivers including land-
use change. Note that dynamic vegetation changes are not ex-
plicitly represented in H2CM; however, temporal variations
in fAPAR provide an implicit representation of phenologi-
cal changes. There are emerging opportunities from the ob-
servational side which could support the integration of these
components in H2CM in the future.

4 Conclusions

We introduced H2CM – a hybrid global carbon-water cy-
cle model constrained by diverse observational data streams,
which acts as a bridge between empirical and process-based
modeling and enables a coherent interpretation of only par-
tially observed coupled carbon–water cycle variability and
interactions. H2CM integrates key hydrological data streams
such as terrestrial water storage variations from GRACE, but
also combines flux tower based bottom-up and atmospheric
top-down data constraints of the carbon cycle. We demon-
strated that H2CM successfully integrates the strengths of
machine learning and process-based modelling, learning di-
rectly from observations while obeying to process under-
standing. H2CM reproduces major observed patterns of car-
bon flux variations and spatial patterns of functional carbon-
water coupling properties. Our parallel evaluation of H2CM
with the purely data-driven FLUXCOM and process-based
TRENDY model ensemble further highlights the added value
of our hybrid approach in modelling uncertain moisture ef-
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fects on respiration, which shape NEE variations in dry and
wet tropical regions significantly.

H2CM opens new avenues for studying the global carbon–
water cycle and lays the groundwork for further develop-
ments toward a hybrid data-driven land–surface model. Ad-
vancing in this direction will require integrating the surface
energy cycle, incorporating dynamic vegetation and explicit
carbon pools, representing additional key processes and dis-
turbances (e.g., permafrost, fire, and land use/management),
and resolving sub-daily dynamics. These opportunities are
forward-looking, while the grand challenge will be to achieve
a robustly constrained model with causal functioning re-
quired to simulate conditions with no analogs in the contem-
porary observational era.

Appendix A: Cross validation

Figure A1. Validation sets for 10 different models and a fixed testing set. Note that, during training, each fold has a separate and unique
validation set and all models were tested on the same testing set.
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Appendix B: Model evaluation

Figure B1. Predicted versus target GPP (FLUXCOM-X-BASE) over the testing set (spatial domain) across 10 CV folds: (a) monthly,
(b) mean seasonal cycle over the entire period of data constraint and (c) monthly anomaly.

Figure B2. Predicted versus target NEE (OCO-2) over the testing set (spatial domain) across 10 CV folds: (a) monthly, (b) mean seasonal
cycle over the entire period of data constraint and (c) monthly anomaly.
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Figure B3. Predicted versus target NEE (CarboScope) over the testing set (spatial domain) across 10 CV folds: (a) monthly, (b) mean
seasonal cycle over the entire period of data constraint and (c) monthly anomaly.

Figure B4. Predicted versus observed mean fAPAR over the testing set (spatial domain) across 10 CV folds: (a) monthly, (b) mean seasonal
cycle over the entire period of data constraint and (c) monthly anomaly.
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Figure B5. Predicted versus observed mean terrestrial water storage (TWS) (anomaly) over the testing set (spatial domain) across 10 CV
folds: (a) monthly, (b) mean seasonal cycle over the entire period of data constraint and (c) monthly anomaly.

Figure B6. Predicted versus observed mean snow water equivalent (SWE) over the testing set (spatial domain) across 10 CV folds:
(a) monthly, (b) mean seasonal cycle over the entire period of data constraint and (c) monthly anomaly.
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Figure B7. Predicted versus target mean ET over the testing set (spatial domain) across 10 CV folds: (a) monthly, (b) mean seasonal cycle
over the entire period of data constraint and (c) monthly anomaly.

Figure B8. Predicted versus target mean runoff over the testing set (spatial domain) across 10 CV folds: (a) monthly, (b) mean seasonal
cycle over the entire period of data constraint and (c) monthly anomaly.
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Figure B9. Model performance for vegetation, water storages and fluxes based on the spatial average over testing-set grid cells. Cross
bars represent the minimum and maximum errors across the 10 cross-validation folds, and the central lines indicate the mean error. Rows
correspond to performance metrics, and columns represent model constraints. RMSE denotes root mean squared error, and SDR is the
standard deviation ratio (the ratio between predicted and observed standard deviation). Horizontal dashed lines denote ideal metric values,
with R2 and SDR equal to 1 and RMSE equal to 0.

Figure B10. Spatial differences between modelled and target carbon fluxes for (a) gross primary production (GPP) and (b) net ecosystem
exchange (NEE). The figure compares the median estimations from H2CM (10-fold cross-validation), OCO-2 (inversion ensemble), and
TRENDY (process-based model ensemble). For GPP, H2CM and TRENDY are evaluated against FLUXCOM, averaged over 2001–2019;
for NEE, both are evaluated against OCO-2 MIP, averaged over 2015–2019.
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Table B1. Benchmarking metrics (RMSE and Bias) for modeled carbon fluxes against data constraints. Metrics are reported for gross primary
productivity (GPP) and for net ecosystem exchange (NEE) benchmarked against OCO-2 and CarboScope inversion products. Each section
– GPP, NEE (OCO-2), NEE (CarboScope) – summarizes results for Monthly, mean seasonal cycle (MSC), and Anomaly data. All metrics
are based on globally averaged, area-weighted time series. Reported values represent the median across 10-fold cross-validation runs, with
values in brackets indicating the minimum and maximum across folds.

Metric Monthly MSC Anomaly

GPP

RMSE [gC m−2 d−1] 0.1, [0.06, 0.22] 0.09, [0.05, 0.22] 0.05, [0.04, 0.06]
Bias [gC m−2 d−1] 0, [−0.2, 0.11] 0, [−0.2, 0.11] 0, [0, 0]

NEE (OCO-2)

RMSE [gC m−2 d−1] 0.04, [0.03, 0.05] 0.03, [0.02, 0.04] 0.02, [0.02, 0.03]
Bias [gC m−2 d−1] −0.01, [−0.03, 0.03] −0.01, [−0.03, 0.03] 0, [0, 0]

NEE (CarboScope)

RMSE [gC m−2 d−1] 0.07, [0.06, 0.08] 0.06, [0.04, 0.08] 0.03, [0.03, 0.04]
Bias [gC m−2 d−1] 0.01, [0, 0.04] 0.01, [0, 0.04] 0, [0, 0]

Appendix C: Model generalization across space and
time

Figure C1 shows the performance comparison between spa-
tially split and spatio-temporally split cross-validation folds
using post-2017 time-series data. In the spatial split experi-
ment, the model was trained on the complete 2001–2019 time
series while holding out specific spatial grid cells for testing.
In contrast, the spatio-temporal split experiment was trained
on data from 2001–2017, with all data after 2017 withheld
for spatio-temporal testing.

Overall, the results suggest that the model maintains con-
sistent performance when evaluated on the two unseen years,
demonstrating generalisability not only across space but also
over time – at least when tested on short-term future periods.
In the spatio-temporal split experiment, neither the testing
grid cells nor the final two years (2018–2019) were included
in model training or validation, ensuring a fully unseen tem-
poral and spatial domain during testing.
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Figure C1. Model performance evaluated on the testing set comprising post-2017 time-series data, averaged over the testing grid cells. In the
spatial split experiment, the model was trained on the full 2001–2019 dataset while holding out specific spatial grids for testing. In contrast,
the spatio-temporal split experiment was trained only on data from 2001–2017, ensuring that no post-2017 information was included during
training. Boxplots illustrate the distribution of errors across 10 cross-validation folds. Horizontal dashed lines denote ideal metric values,
with bias and RMSE equal to 0 and R2 equal to 1.

Appendix D: Regularization on global constants

To incorporate prior knowledge into H2CM’s estimation of
its global parameters, we add the following penalty term to
the loss:

lp =
(θ̂ − θ)2

σ 2
θ

. (D1)

Here, θ̂ is the estimated global constant, θ is the target (ref-
erence) value based on prior knowledge, and σθ controls the
strength of the regularization (analogous to the expected un-
certainty in θ̂ ).

Note that formulation does not represent a Bayesian up-
date but instead serves as a constraint that discourages large
deviations from previously known reasonable values.

In our experiments:

– For βCO2 , we set

θ = 15%100 ppm−1,

σθ = 5%100ppm−1.

– For the temperature sensitivity, Q10, we use

θ = 1.5,
σθ = 0.3.

Under this setup, H2CM estimates

βCO2 = 15%100ppm−1,

Q10 = 1.5,

which coincide with their reference values. We note that the
observed agreement between estimates and reference values
may partly be driven by the strong influence of the prior
(regularization) term in the loss function, which constrains
the model and reduces its ability to deviate from the refer-
ence. At the same time, this behavior also reflects under-
determination: the observational data do not provide suffi-
cient information to move the parameters substantially away
from the prior. Without additional data or process constraints,
H2CM’s global constants remain underdetermined by the
current observations and knowledge alone; therefore, includ-
ing prior terms in the loss function is currently important.
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Appendix E: Major regions studied

Figure E1. Major Transport and Climate Monitoring (TransCom, Baker et al., 2006) regions studied in this study.

Code and data availability. The model simulations are
accessible via https://doi.org/10.5281/zenodo.18434085
(Baghirov, 2026b). The model code can be accessed
via https://doi.org/10.5281/zenodo.18400385 (Baghi-
rov, 2026a). The training data can be accessed via
https://doi.org/10.5281/zenodo.16575309 (Baghirov, 2025b).
For the most current version of the code, please visit the public
repository at https://github.com/zavud/h2cm (last access: 31 Jan-
uary 2026). We are open to sharing additional variables (that are
not shared here) upon request.

Author contributions. ZB implemented the model, conducted the
analysis, and drafted the manuscript. MJ designed main components
of the water-carbon cycle model structure, with inputs from MR,
BA, and ZB. All authors contributed intellectual input to the design,
analysis, and writing.

Competing interests. The contact author has declared that none of
the authors has any competing interests.

Disclaimer. Publisher’s note: Copernicus Publications remains
neutral with regard to jurisdictional claims made in the text, pub-
lished maps, institutional affiliations, or any other geographical rep-
resentation in this paper. The authors bear the ultimate responsibil-
ity for providing appropriate place names. Views expressed in the
text are those of the authors and do not necessarily reflect the views
of the publisher.

Acknowledgements. Zavud Baghirov is supported by the Interna-
tional Max Planck Research School for Global Biogeochemical Cy-
cles (IMPRS-gBGC). We gratefully acknowledge the financial sup-
port from the Max Planck Society, which enabled us to publish this
paper as open-access.

Financial support. This research has been supported by the
Bundesministerium für Wirtschaft und Klimaschutz (grant
no. 50EE2209A), the H2020 European Research Council (grant
no. 855187), and the European Union Horizon Europe (grant
no. 101086179, name: AI4SoilHealth).

The article processing charges for this open-access
publication were covered by the Max Planck Society.

Review statement. This paper was edited by Christoph Müller and
reviewed by Christoph Jörges and one anonymous referee.

Geosci. Model Dev., 19, 4467–4496, 2026 https://doi.org/10.5194/gmd-19-4467-2026

https://doi.org/10.5281/zenodo.18434085
https://doi.org/10.5281/zenodo.18400385
https://doi.org/10.5281/zenodo.16575309
https://github.com/zavud/h2cm


Z. Baghirov et al.: H2CM (v1.0): hybrid modeling of global water–carbon cycles 4491

References

Agustí-Panareda, A., Barré, J., Massart, S., Inness, A., Aben, I.,
Ades, M., Baier, B. C., Balsamo, G., Borsdorff, T., Bousserez,
N., Boussetta, S., Buchwitz, M., Cantarello, L., Crevoisier, C.,
Engelen, R., Eskes, H., Flemming, J., Garrigues, S., Hasekamp,
O., Huijnen, V., Jones, L., Kipling, Z., Langerock, B., Mc-
Norton, J., Meilhac, N., Noël, S., Parrington, M., Peuch, V.-
H., Ramonet, M., Razinger, M., Reuter, M., Ribas, R., Suttie,
M., Sweeney, C., Tarniewicz, J., and Wu, L.: Technical note:
The CAMS greenhouse gas reanalysis from 2003 to 2020, At-
mos. Chem. Phys., 23, 3829–3859, https://doi.org/10.5194/acp-
23-3829-2023, 2023.

Ainsworth, E. A. and Rogers, A.: The response of photosynthe-
sis and stomatal conductance to rising [CO2]: mechanisms and
environmental interactions, Plant Cell Environ., 30, 258–270,
https://doi.org/10.1111/j.1365-3040.2007.01641.x, 2007.

Baghirov, Z.: High level overview of the carbon cycle related pro-
cesses in H2CM, created with BioRender, https://BioRender.
com/k6gy7an (last acess: 1 July 2025), 2025a.

Baghirov, Z.: H2CM – inputs and targets, Zenodo [data set],
https://doi.org/10.5281/zenodo.16575309, 2025b.

Baghirov, Z.: zavud/h2cm: v1.0.1: Improve TWS anomaly estima-
tion, Zenodo [code], https://doi.org/10.5281/zenodo.18400385,
2026a (code also available at: https://github.com/zavud/h2cm,
last access: 31 January 2026).

Baghirov, Z.: H2CM – model simulations, Zenodo [data set],
https://doi.org/10.5281/zenodo.18434085, 2026b.

Baghirov, Z.: Overview of the H2CM framework, created with
BioRender, https://BioRender.com/0kf418a (last access: 31 Jan-
uary 2026), 2026c.

Baghirov, Z., Jung, M., Reichstein, M., Körner, M., and Kraft, B.:
H2MV (v1.0): global physically constrained deep learning wa-
ter cycle model with vegetation, Geosci. Model Dev., 18, 2921–
2943, https://doi.org/10.5194/gmd-18-2921-2025, 2025.

Baker, D. F., Law, R. M., Gurney, K. R., Rayner, P., Peylin, P.,
Denning, A. S., Bousquet, P., Bruhwiler, L., Chen, Y., Ciais,
P., Fung, I. Y., Heimann, M., John, J., Maki, T., Maksyu-
tov, S., Masarie, K., Prather, M., Pak, B., Taguchi, S., and
Zhu, Z.: TransCom 3 inversion intercomparison: Impact of
transport model errors on the interannual variability of re-
gional CO2 fluxes, 1988–2003, Global Biogeochem. Cy., 20,
https://doi.org/10.1029/2004gb002439, 2006.

Birch, H. F.: Mineralisation of Plant Nitrogen Following Al-
ternate Wet and Dry Conditions, Plant Soil, 20, 43–49,
https://doi.org/10.1007/BF01378096, 1964.

Bodesheim, P., Jung, M., Gans, F., Mahecha, M. D., and Reichstein,
M.: Upscaled diurnal cycles of land–atmosphere fluxes: a new
global half-hourly data product, Earth Syst. Sci. Data, 10, 1327–
1365, https://doi.org/10.5194/essd-10-1327-2018, 2018.

Boese, S., Jung, M., Carvalhais, N., Teuling, A. J., and Reichstein,
M.: Carbon–water flux coupling under progressive drought,
Biogeosciences, 16, 2557–2572, https://doi.org/10.5194/bg-16-
2557-2019, 2019.

Byrne, B., Baker, D. F., Basu, S., Bertolacci, M., Bowman, K.
W., Carroll, D., Chatterjee, A., Chevallier, F., Ciais, P., Cressie,
N., Crisp, D., Crowell, S., Deng, F., Deng, Z., Deutscher, N.
M., Dubey, M. K., Feng, S., García, O. E., Griffith, D. W.
T., Herkommer, B., Hu, L., Jacobson, A. R., Janardanan, R.,
Jeong, S., Johnson, M. S., Jones, D. B. A., Kivi, R., Liu, J.,

Liu, Z., Maksyutov, S., Miller, J. B., Miller, S. M., Morino, I.,
Notholt, J., Oda, T., O’Dell, C. W., Oh, Y.-S., Ohyama, H., Pa-
tra, P. K., Peiro, H., Petri, C., Philip, S., Pollard, D. F., Poul-
ter, B., Remaud, M., Schuh, A., Sha, M. K., Shiomi, K., Strong,
K., Sweeney, C., Té, Y., Tian, H., Velazco, V. A., Vrekous-
sis, M., Warneke, T., Worden, J. R., Wunch, D., Yao, Y., Yun,
J., Zammit-Mangion, A., and Zeng, N.: National CO2 budgets
(2015–2020) inferred from atmospheric CO2 observations in
support of the global stocktake, Earth Syst. Sci. Data, 15, 963–
1004, https://doi.org/10.5194/essd-15-963-2023, 2023.

Chen, J., Chen, J., Liao, A., Cao, X., Chen, L., Chen, X., He, C.,
Han, G., Peng, S., Lu, M., Zhang, W., Tong, X., and Mills, J.:
Global land cover mapping at 30 m resolution: A POK-based op-
erational approach, ISPRS J. Photogram. Remote Sens., 103, 7–
27, https://doi.org/10.1016/j.isprsjprs.2014.09.002, 2015.

Chen, Y., Hall, J., van Wees, D., Andela, N., Hantson, S., Giglio,
L., van der Werf, G. R., Morton, D. C., and Randerson, J. T.:
Multi-decadal trends and variability in burned area from the fifth
version of the Global Fire Emissions Database (GFED5), Earth
Syst. Sci. Data, 15, 5227–5259, https://doi.org/10.5194/essd-15-
5227-2023, 2023.

Chen, Z., Wang, W., Yu, Z., Xia, J., and Schwartz, F. W.:
The collapse points of increasing trend of vegetation rain-use
efficiency under droughts, Environ. Res. Lett., 15, 104072,
https://doi.org/10.1088/1748-9326/abb332, 2020.

Connor, B., Bösch, H., McDuffie, J., Taylor, T., Fu, D., Franken-
berg, C., O’Dell, C., Payne, V. H., Gunson, M., Pollock,
R., Hobbs, J., Oyafuso, F., and Jiang, Y.: Quantification of
uncertainties in OCO-2 measurements of XCO2 simulations
and linear error analysis, Atmos. Meas. Tech., 9, 5227–5238,
https://doi.org/10.5194/amt-9-5227-2016, 2016.

Doelling, D.: CERES Level 3 SYN1DEG-DAYTerra+
Aqua HDF4 file – Edition 4A, NASA Lang-
ley Atmospheric Science Data Center DAAC,
https://doi.org/10.5067/Terra+Aqua/CERES/SYN1degDay_L3.004A,
2017.

Dou, X., Yang, Y., and Luo, J.: Estimating Forest Car-
bon Fluxes Using Machine Learning Techniques Based
on Eddy Covariance Measurements, Sustainability, 10, 203,
https://doi.org/10.3390/su10010203, 2018.

EROS (Earth Resources Observation and Science) Cen-
ter: Global 30 Arc-Second Elevation (GTOPO30),
https://doi.org/10.5066/F7DF6PQS, 2017.

Eyring, V., Gentine, P., Camps-Valls, G., Lawrence, D. M., and Re-
ichstein, M.: AI-empowered next-generation multiscale climate
modelling for mitigation and adaptation, Nat. Geosci., 17, 963–
971, https://doi.org/10.1038/s41561-024-01527-w, 2024.

Geirhos, R., Jacobsen, J.-H., Michaelis, C., Zemel, R., Bren-
del, W., Bethge, M., and Wichmann, F. A.: Shortcut learn-
ing in deep neural networks, Nat. Mach. Intel., 2, 665–673,
https://doi.org/10.1038/s42256-020-00257-z, 2020.

Ghiggi, G., Humphrey, V., Seneviratne, S. I., and Gudmundsson,
L.: GRUN: an observation-based global gridded runoff dataset
from 1902 to 2014, Earth Syst. Sci. Data, 11, 1655–1674,
https://doi.org/10.5194/essd-11-1655-2019, 2019.

Ghiggi, G., Humphrey, V., Seneviratne, S. I., and Gudmunds-
son, L.: G-RUN ENSEMBLE: A Multi-Forcing Observation-
Based Global Runoff Reanalysis, Water Resour. Res., 57,
https://doi.org/10.1029/2020wr028787, 2021.

https://doi.org/10.5194/gmd-19-4467-2026 Geosci. Model Dev., 19, 4467–4496, 2026

https://doi.org/10.5194/acp-23-3829-2023
https://doi.org/10.5194/acp-23-3829-2023
https://doi.org/10.1111/j.1365-3040.2007.01641.x
https://BioRender.com/k6gy7an
https://BioRender.com/k6gy7an
https://doi.org/10.5281/zenodo.16575309
https://doi.org/10.5281/zenodo.18400385
https://github.com/zavud/h2cm
https://doi.org/10.5281/zenodo.18434085
https://BioRender.com/0kf418a
https://doi.org/10.5194/gmd-18-2921-2025
https://doi.org/10.1029/2004gb002439
https://doi.org/10.1007/BF01378096
https://doi.org/10.5194/essd-10-1327-2018
https://doi.org/10.5194/bg-16-2557-2019
https://doi.org/10.5194/bg-16-2557-2019
https://doi.org/10.5194/essd-15-963-2023
https://doi.org/10.1016/j.isprsjprs.2014.09.002
https://doi.org/10.5194/essd-15-5227-2023
https://doi.org/10.5194/essd-15-5227-2023
https://doi.org/10.1088/1748-9326/abb332
https://doi.org/10.5194/amt-9-5227-2016
https://doi.org/10.5067/Terra+Aqua/CERES/SYN1degDay_L3.004A
https://doi.org/10.3390/su10010203
https://doi.org/10.5066/F7DF6PQS
https://doi.org/10.1038/s41561-024-01527-w
https://doi.org/10.1038/s42256-020-00257-z
https://doi.org/10.5194/essd-11-1655-2019
https://doi.org/10.1029/2020wr028787


4492 Z. Baghirov et al.: H2CM (v1.0): hybrid modeling of global water–carbon cycles

Harris, I., Jones, P., Osborn, T., and Lister, D.: Updated
high-resolution grids of monthly climatic observations –
the CRU TS3.10 Dataset, Int. J. Climatol., 34, 623–642,
https://doi.org/10.1002/joc.3711, 2013.

He, Y., Piao, S., Li, X., Chen, A., and Qin, D.: Global pat-
terns of vegetation carbon use efficiency and their climate
drivers deduced from MODIS satellite data and process-
based models, Agr. Forest Meteorol., 256–257, 150–158,
https://doi.org/10.1016/j.agrformet.2018.03.009, 2018.

Heimann, M. and Reichstein, M.: Terrestrial ecosystem car-
bon dynamics and climate feedbacks, Nature, 451, 289–292,
https://doi.org/10.1038/nature06591, 2008.

Hengl, T., Mendes de Jesus, J., Heuvelink, G. B. M., Ruiperez Gon-
zalez, M., Kilibarda, M., Blagotić, A., Shangguan, W.,
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