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Abstract. Quantification of environmental controls on ecosystem photosynthesis is essential to understand the impacts of cli-

mate change and extreme events on the carbon cycle and the provisioning of ecosystem services. Machine learning models have

become popular for simulating ecosystem terrestrial photosynthesis because of their predictive skill, but often do not consider

temporal dependencies in the data, even though process understanding suggests that these should exist. Here, we investigate

how models that account for temporal structure impact the prediction of ecosystem photosynthesis. Using time-series mea-5

surements of ecosystem fluxes paired with measurements of meteorological variables from a network of globally distributed

sites (N = 109
:::
104) and remotely sensed vegetation indices, we train three different models to predict ecosystem gross pri-

mary production (GPP): a mechanistic, theory-based photosynthesis model, a memoryless multilayer perceptron (MLP) and

a recurrent neural network (Long Short-Term Memory, LSTM). Through comparisons of patterns in model error, we assess

the ability of these models to predict GPP across a wide diversity of ecosystems and climates, and to account for temporal10

dependencies, with a focus on effects by low rooting zone moisture and freezing air temperatures. We find that
:::::
While both

deep learning models outperform the mechanistic model, and that the LSTM performs best
::
we

::::
find

::::
their

::::::
overall

:::::::::::
performance

:
is
:::::::
similar, with an R2 of 0.74 for

::::
0.79 spatial out-of-sample predictions . In particular

::
for

::::
both

:::::::
models.

:::::::
Overall, model skill is

consistently good across moist sites with strong seasonality. Model error tends to increase with increasing potential cumulative

water deficits, in particular in ecosystems with evergreen vegetation
::::::
During

:::::::
periods

:::::::
affected

:::
by

::::::::
temporal

:::::::
patterns

::::
such

:::
as15

::::::
drought

::::
and

:::::
frost,

:::
the

::::::
LSTM

:::::
shows

:::::
lower

::::::
model

::::
error

::::
than

:::
the

:::::
MLP

:::
as

::::
well

::
as

::
an

::::::
LSTM

:::::
with

:::::::
shuffled

:::::
input,

:::::::
showing

::::
that

::::
there

::
is

:::
an

::::::::
advantage

:::::
from

:::::::
learned

:::::::
temporal

::::::::::::
dependencies. Generalisation patterns reveal that the LSTM tends to be more

successful than the
::::::::::::
(time-agnostic) MLP in simulating GPP in dry environments, suggesting an advantage of recurrent models

in those conditions. However, a large variability in model skill across relatively dry sites remained.
::::
This

::::
was

:::
not

:::::::
resolved

:::
by

::
the

::::::::
inclusion

::
of

:::::::::
additional

::::
earth

::::::::::
observation

:::::
data,

:::::::
although

:::
this

:::::::::
improved

::::::
overall

:::::
model

:::::::::::
performance.

:
Insufficient information20

on the exposure and response to water stress and related effects on GPP appear to be dominant sources of error for modelling

ecosystem fluxes across the globe. With the increasing frequency of hydroclimatic extreme events, effects of water limitation

are expected to become more prevalent, which calls for models that better represent its impact on ecosystem function.
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1 Introduction

Photosynthesis plays a major role in the global carbon cycle and drives important ecosystem functions (Beer et al., 2010).25

Ecosystem-level gross CO2 uptake through photosynthesis is referred to as gross primary production (GPP) and varies in

response to the environment. Understanding its variations across space and time as well as its dependencies on environmental

conditions is key for predicting changes and feedbacks in the terrestrial biosphere (Booth et al., 2012).

GPP variations are driven by multiple, simultaneously varying environmental factors and the physiological and structural

responses of plants to these conditions. Solar radiation supplies the energy for photosynthesis and acts as a dominant driver of30

GPP, depending on light absorption (Monteith, 1972). Temperature, light and water availability trigger phenological changes

and regulate seasonal cycles of active leaf surface area and therefore seasonal changes in light absorption. Air temperature

affects leaf temperatures, which in turn govern enzymatic rates and photosynthesis (Berry and Bjorkman, 1980; Kattge and

Knorr, 2007; Kumarathunge et al., 2019; Bernacchi et al., 2003). Low moisture availability across the rooting zone, in com-

bination with a high vapour pressure of air at the leaf surface, determines the effects of water stress and can lead to GPP35

reductions (Stocker et al., 2018; Novick et al., 2016).

Continuous GPP estimates can be obtained from eddy covariance measurements of ecosystem gas exchange (Baldocchi,

2020) and capture surface-atmosphere exchange fluxes, integrated over a radius on the order of a kilometre around the site of

measurement (Chu et al., 2021). These measurements, paired with observations of meteorological variables and soil conditions,

are made available through different networks and initiatives (e.g., AmeriFlux, ICOS, OzFlux). The combination of data from40

multiple regional networks has led to large datasets with standardized processing of eddy covariance measurements from a large

number of sites (Pastorello et al., 2020; Hufkens and Stocker, 2025; Abramowitz et al., 2024). The availability of large datasets

of GPP along with their environmental covariates, and paired with remotely sensed variables, has made machine learning (ML)

a widely used approach for predicting spatio-temporal variations of ecosystem-atmosphere exchange fluxes (Kang et al., 2023;

Gaber et al., 2024; Tramontana et al., 2016; Montero et al., 2024; Papale et al., 2015; Yang et al., 2007; Jung et al., 2011; Joiner45

and Yoshida, 2020; Zheng et al., 2020).

Process understanding and empirical patterns of GPP dynamics suggest that there should be temporal dependencies in data

of GPP and its predictors. Temporal dependencies arise as a result of several processes. Low soil moisture can reduce GPP

(Stocker et al., 2018) and reflects the history of precipitation, radiation, and leaf phenology over the preceding weeks to months.

Plant hydraulic processes induce a temporal hysteresis effect over the course of diurnal cycles (Tuzet et al., 2003). Physiological50

changes are caused, e.g., by the seasonal acclimation of the photosynthetic apparatus to varying levels of radiation inputs and

temperature (Kumarathunge et al., 2019; Luo and Keenan, 2020; Liu et al., 2024b; Berry and Bjorkman, 1980). Ecosystems

in cold climates have been found to delay springtime photosynthesis resumption early in the season through photoprotective

processes, despite high levels of solar radiation (Luo et al., 2023, henceforth referred to as "cold acclimation"). Stress by

extreme environmental conditions can cause delayed and long-lasting effects, such as impaired transpiration and reduced CO255

assimilation (Barber and Andersson, 1992; Reichstein et al., 2013; McDowell et al., 2022; Bastos et al., 2020; Yu et al., 2022).
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Several published machine learning models for GPP treat values of GPP time series as independent and identically distributed

observations and therefore do not account for temporal dependencies (Nelson et al., 2024; Kang et al., 2023; Tramontana et al.,

2016; Gaber et al., 2024). This limitation may be relieved by temporal aggregation to daily-monthly time scales and by pairing

data with additional, remotely sensed observations that capture phenological changes and variations in the amount of active,60

light-intercepting foliage area (Baldocchi, 2018). However, additional physiological changes that affect the efficiency of light

utilization for CO2 assimilation at the leaf level are more challenging to capture by remotely sensed reflectance data (Ryu et al.,

2019; Stocker et al., 2018). As a consequence, substantial unexplained GPP variation is expected to remain at the seasonal and

diurnal time scales.

A potential solution for this problem is the use of time-aware machine learning algorithms that can learn non-stationary rela-65

tionships and temporal dependencies. Such algorithms have been introduced for modelling GPP and related fluxes (Nakagawa

et al., 2023; Besnard et al., 2019; Kraft et al., 2024; Montero et al., 2024). Montero et al. (2024) compared the performance of

three recurrent architectures for GPP modelling and evaluated them on GPP extremes. Besnard et al. (2019) evaluated a Long

Short-Term Memory (LSTM) network to study net ecosystem CO2 exchange. Kraft et al. (2024) assessed sequential models for

global upscaling of evapotranspiration. Nakagawa et al. (2023) introduced a temporal fusion transformer for global upscaling70

of GPP. In these previous studies, the impact of using such an architecture for modelling known temporal effects was either not

evaluated or inconclusive.

In contrast to ML models, mechanistic GPP models,
:::::

such
::
as

:::
the

::::::::
P-model

:::::::::::::::::
(Stocker et al., 2020)

:
,
:
embody process under-

standing and provide a theory-based prediction that accounts for these known temporal dependencies. The foundation in plant

physiology may also help these models to generalise more robustly, as the underlying relations remain valid when extrapolating75

to new conditions not seen in the training data. The price to pay is that these models lack the flexibility to pick up any patterns

that were not anticipated during their design, whereas the high representation power of ML models gives them the ability to

uncover and respect such patterns.

:::::
While

:::
the

::::::::
P-model

::::
only

::::
uses

::
a
::::::
single

::::::::
greenness

:::::
index

:::::::
derived

:::::
from

::::::
remote

::::::::
sensing,

:::::::
previous

:::::
work

:::
on

::::
flux

:::::::::
modelling

:::
has

::::::
shown

:::
that

:::::::::
additional

::::::::
remotely

::::::
sensed

::::::::
variables

:::
can

:::
be

::::::::::
informative

::::::::::::::::::::::::::::::::
(Nelson et al., 2024; Kraft et al., 2024).

::::
The

::::::
signal80

::::
from

:::::::
thermal

::::::
remote

::::::
sensing

:::::
may

:::::
reflect

:::::::
changes

::
in
:::::::::::::

photosynthesis
::::
that

:::
are

:::::
driven

:::
by

:::::::::::
physiological

:::::::::
responses

:::
and

::::::::
stomatal

:::::::::
regulation,

:::::::
affecting

:::::::::::
transpiration

:::
and

:::::::
therefore

:::::::
surface

:::::
energy

::::::::::
partitioning

:::
and

::::::
surface

:::::::
heating.

:::::::::
Therefore,

::::
land

::::::
surface

::::::::::
temperature

:::::
(LST)

::::
may

::
be

::::::
useful

:::::::::
information

:::
for

::::
GPP

:::::::::
prediction.

::::::::
Common

::::::::::
mechanistic

::::
and

::::
light

:::
use

::::::::
efficiency

::::::
models

:::::
don’t

:::::::
consider

::::
this

:::::::::
information

:::
as

::::::::
additional

:::::::
forcing.

:::::::::::
Furthermore,

:::
the

:::
full

::::::::::
information

::
of

::::::
surface

:::::::::
reflectance

::
in

:::
all

:::::::
available

:::::::::
individual

:::::
bands

::::
may

::::::
contain

::::::::
additional

::::::::::
information

:::::
about

:::::
GPP

:::::::
changes

::
as

::::::::
pigments

:::::::
deployed

::::::
under

::::
stress

:::::::::
conditions

:::
or

:::
the

:::
leaf

:::::
water

::::::
content

::::
can85

:::::
affect

::::::
surface

:::::::::
reflectance

::::::
beyond

::::
what

:::::::::
commonly

::::
used

:::::
single

::::::::::::::
greenness-based

::::::
indices

:::::
reflect

::::::::::::::::::::::::::::::::::
(Ceccato et al., 2001; Gamon et al., 2016)

:
.

In this study, we evaluate the use of an LSTM (Hochreiter and Schmidhuber, 1997) as a predictor of GPP. LSTMs have

been shown to be successful at tasks where memory effects across a range of temporal scales are involved, such as sea surface

temperature prediction (Zhang et al., 2017), rainfall-runoff modelling (Kratzert et al., 2018) and canopy greenness modelling90

(Liu et al., 2024a). To contrast the recurrent and purely data-driven design, we compare against a standard, non-recurrent
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multilayer perceptron (MLP),
::
an

::::::
LSTM

::::
with

::::::::
permuted

:::::
input,

:
as well as to the process-based P-model(Stocker et al., 2020).

:
.
:::
The

::::::::
P-model

:::::
serves

:::
as

:
a
::::::::::
benchmark

::::
with

::::::
known

::::::::
treatment

::
of

::::::::
temporal

::::::
effects.

:
We compare these models based on model

performance and generalisation capabilities. To investigate the ability of the LSTM to account for temporal dependencies, we

assess seasonal patterns of cold acclimation and water limitation effects in dry conditions. Additionally, we analyse spatial95

patterns of model generalisability (spatial out-of-sample performance) with respect to different environmental factors.

::
In

:::::::
addition

::
to

:::
the

:::::::
standard

:::
set

::
of
::::::::::

predictors,
:::
we

::::::
include

::::
LST

::::
and

:::::::
multiple

:::::
bands

::
of
:::::::

surface
::::::::::
reflectance. To aid the models

in simulating temporal dependencies, we also provide additional features to the standard set of predictors
:::::
related

::
to

::::
soil

:::::
water

:::::::::
availability. In view of the known influence of root zone moisture on GPP (Stocker et al., 2018) and the inability of the MLP

to account for the precipitation and radiation history (and thus implicitly for the evolution of root zone moisture), we test if100

its performance improves when (simulated) soil moisture is provided as a complementary predictor. Providing observation-

derived soil moisture or a general index of water availability as an additional predictor is a common approach taken also for

other memoryless GPP models (Nelson et al., 2024; Kang et al., 2023; Tramontana et al., 2016; Gaber et al., 2024). While the

LSTM is expected to be able to learn the effects of soil moisture limitation, we also test whether it benefits from an Earth-

observation derived estimate of root zone water storage capacity (Stocker et al., 2023) as additional time-invariant context.105

2 Materials and methods

2.1 Data

We sourced daily GPP data from a collection of eddy covariance flux sites gathered from the PLUMBER2 framework (Ukkola

et al., 2022), which includes sites from OzFlux (Isaac et al., 2017), FLUXNET2015 (Pastorello et al., 2020) and LaThuile; as

well as AmeriFlux, ICOS Warm Winter 2020 (Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre, 2022) and110

ICOS Drought 2018 (Drought 2018 Team and ICOS Ecosystem Thematic Centre, 2020). Site selection was performed through

several steps. Sites located in cropland or wetland ecosystems were excluded. For each site, we only included full calendar

years of data. Some years of data were excluded due to evident inconsistencies found by visual inspection. We selected sites

with at least five consecutive years of high-quality, gap-free data. GPP data were included if at least 50% of all half-hourly

measurements were of good quality (either measured or gap-filled with high confidence). In total, this process resulted in a115

collection of 109 sites (Figure 1) with a total of 1090 site-years of data. Detailed site information is given in Appendix A.

We used GPP estimates generated by the nighttime partitioning method (GPP_NT_VUT_REF; Reichstein et al., 2005). Half-

hourly GPP estimates were aggregated to obtain daily GPP values. In addition to GPP, meteorological variables were obtained,

which were measured directly at the flux sites. We used the following meteorological variables: air temperature (TA_F_MDS),

daytime air temperature (TA_DAY_F_MDS), shortwave incoming radiation (SW_IN_F_MDS), longwave incoming radiation120

(LW_IN_F_MDS), daytime vapour pressure deficit (VPD_DAY_F_MDS), air pressure (PA_F), precipitation (P_F) and wind

speed (WS_F). Observations that were either missing or had insufficient quality (<50% measured or gap-filled half-hourly mea-

surements with high confidence) were gap-filled with linear interpolation for air temperature, respectively k-nearest neighbour

imputation per site. This only affected around 10% of all predictor values.
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Figure 1. Site locations and their moisture indices. The
:::
For

:::
each

:::::::
category,

:::
the quantised moisture index values

::
and

::::::
number

::
of

::::
sites are given

in bracketsfor each category.

Along with local site-level measurements, we used remotely sensed estimates of the fraction of absorbed photosyntheti-125

cally active radiation (fAPAR), extracted from the MODIS FPAR MCD15A2H Collection 6.1 product (Myneni et al., 2021).

fAPAR captures variations in phenology and represents the amount of solar radiation absorbed by the canopy and usable for

photosynthesis. fAPAR data were extracted for the pixel (500×500m2 area) that contains the flux measurement site and for the

eight pixels immediately surrounding it. The nine values where combined through a weighted average, using as weights the

inverse of their variance as per the data product. The fAPAR sequences were gap-filled based on the mean seasonal cycle, then130

smoothed and interpolated to the time resolution of the flux data with a LOESS spline.

The
::
We

::::::::
retrieved

:::::::::
additional

:::::::::::
pre-processed

::::::
remote

:::::::
sensing

::::::::
variables

::::
from

:::
the

:::::::
MODIS

::::::::::
instruments

:::::::
through

:::
the

::::::::::
FluxnetEO

::::::
dataset

:::::::::::::::::
(Walther et al., 2022)

:
.
:::
We

::::::::
included

:::
the

::::
first

:::::
seven

:::::::::
reflectance

::::::
bands

:::::
(RED,

:::::
NIR,

::::::
BLUE,

::::::::
GREEN,

::::::::
SWIR1,

:::::::
SWIR2,

:::::::
SWIR3)

::
as

::::
well

::
as

::::::
daytime

::::
and

::::::::
nighttime

::::
land

::::::
surface

::::::::::
temperature

:::::
(LST)

::
at

:
a
:::::::
viewing

:::::
zenith

:::::
angle

::
of

::
0◦

:::::::::::::::::::::::
(LST_TERRA_Day_VZA0,

::::::::::::::::::::::::
LST_TERRA_Night_VZA0).135

:::
The

:::::::::
collection

::
of

::::
flux

::::
sites

::::
was

::::::
further

::::::
filtered

::
to

:::::::
include

::::
only

::::
sites

::::
with

::::
data

::::::::
available

::::
from

:::
the

::::::::::
FluxnetEO

:::::::
dataset.

::::
This

::::::
process

:::::::
resulted

::
in

:
a
:::::::::
collection

::
of

:::
104

::::
sites

:::::::
(Figure

::
1)

::::
with

:
a
::::
total

::
of

:::::
1020

::::::::
site-years

::
of

:::::
data.

:::::::
Detailed

:::
site

::::::::::
information

::
is

:::::
given

::
in

::::::::
Appendix

::
A.

::::
The

:
selected sites cover a wide range of environmental factors, in particular aridity (Figure 1

:::
and

::::::
Figure

:::
D1).

To measure aridity, we calculated the moisture index (MI) for each site as total P/PET, where P is the precipitation measured

at the site and PET is the potential evapotranspiration following Priestley-Taylor (Priestley and Taylor, 1972), as implemented140

in the SPLASH ecosystem water balance model (Davis et al., 2017). The root zone water holding capacity for each site was

sourced from (Stocker et al., 2023)
::::::::::::::::
Stocker et al. (2023).

2.2 Models

We have implemented two deep learning models to evaluate different architectures for the prediction task. To account for

temporal dependencies, we used a Long Short-Term Memory (LSTM) network (Hochreiter and Schmidhuber, 1997). The net-145
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work included LSTM cells with layer normalization
:::::::::::::
(Ba et al., 2016), known to stabilize hidden dynamics and reduce training

time (Ba et al., 2016). The number of layers and hidden dimension of the network were tuned as hyperparameters on vali-

dation data. The LSTM layers were followed by a variable number of linear layers with ReLU activations
::::::
GELU

:::::::::
activations

:::::::::::::::::::::::::
(Hendrycks and Gimpel, 2023) that each halve the dimension until reaching a size of 16 neurons.

To isolate the impact of recurrence, we implemented a second neural network model without any memory mechanism,150

namely a standard multilayer perceptron (MLP). Its architecture is identical to keeping only the linear layers of the LSTM.

The hidden dimension of the first layer was tuned as a hyperparameter. The architectural similarity means that the difference

between predictions of the two networks is a good indication for the influence of information from past time steps. Hyperpa-

rameters were tuned separately to ensure both variants reach their best performance.
::
We

::::
also

::::::::
evaluated

:
a
:::::::
version

::
of

:::
the

::::::
LSTM

:::::
where

:::
we

:::::::
permute

:::
the

::::::::
temporal

:::::::
ordering

:::::::::::
(LSTMperm).

::::
This

::::::
model

:::
has

:::
the

:::::
same

::::::::::
architecture

::::
and

:::::::
capacity

:::
but

::
it
::::::
cannot

::::
rely155

::
on

:::::::
memory

:::
as

:::
the

:::::::
temporal

:::::::
patterns

::::
are

:::::::::
eliminated

::::
from

:::
the

:::::
input

::::
data.

:::::
This

::::::
version

::::::
serves

::
as

:::
an

::::::::
additional

:::::::::
evaluation

::::
that

::::::::::
disentangles

:::
the

::::::::
influence

::
of

:::
the

:::::::
memory

::
of

:::
the

::::::
LSTM

::::
from

:::::
other

:::::
model

:::::::::
properties

::::
such

::
as

:::
the

::::::
overall

::::::::
capacity.

The third model was the P-model, a mechanistic, theory-based representation of ecosystem-level photosynthesis acclimation

and GPP (Stocker et al., 2020; Wang et al., 2017; Prentice et al., 2014). It builds on the widely used Farquhar-von Caemmmerer-

Berry (FvCB) model for leaf-level C3 photosynthesis (Farquhar et al., 1980). The FvCB model is combined with an optimal160

balancing of the costs of carbon assimilation and transpiration (Prentice et al., 2014). Furthermore, the P-model implements the

coordination hypothesis, which states that photosynthesis is balanced at the intersection of light and Rubisco-limited assimila-

tion rates during average daytime conditions (Maire et al., 2012). Based on these relations, the P-model predicts photosynthesis

acclimation parameters to describe the processes that determine the light use efficiency (LUE). GPP is then modelled as the

product of LUE and absorbed photosynthetically active radiation (APAR), which in turn is taken to be the product of the pho-165

tosynthetic photon flux density (PPFD) and fAPAR. The forcings for the P-model correspond to the input data of the LSTM

and the MLP. We used the FULL model setup as described in Stocker et al. (2020), which includes an empirical soil moisture

stress function and temperature dependency of the intrinsic quantum yield. These two components were calibrated to the data

with an optimization of four parameters through minimising the root mean squared error with the generalised simulated anneal-

ing algorithm, as implemented in the GenSA R package (Xiang et al., 2013). The P-model is implemented in the R package170

rsofun (Stocker et al., 2024).

2.3 Experimental setup

We assessed the three models for their ability to handle temporal dependencies and their ability to generalise to new sites with

different environmental conditions.

Global model. We first evaluate each model in a spatial cross-validation setup, which measures performance at sites that175

were not seen during model training (where "training" of the P-model means calibration). For the spatial cross-validation, we

assigned each site to one of five folds, stratified based on the per-site mean air temperature and the moisture index to achieve a

similar distribution of climate types in all folds. In turn, four folds served as training data to fit the model weights and tune the

hyperparameters, then GPP predictions were produced for the test sites in the fifth, held-out fold.
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Site-specific model. To separate changes in environmental conditions (which can be covered by the global model) from180

potential variations of the functional relationships between different sites (which cannot be represented by a single set of model

parameters), we also fit separate per-site models and evaluate them with a temporal cross-validation. In that setup, the temporal

sequences of predictors and GPP at every individual site are split into years, setting the start of the year to the coldest month for

sites in temperate, continental and polar climates, and to the wettest month for tropical and arid sites (following the Köppen-

Geiger climate code). Cross-validation then proceeds by holding out every year in turn, and fitting the model on the remaining185

years.

In both setups, the models are trained on chunks of 128 days, whereas testing was performed on the full sequences (i.e.,

all data of a site in the spatial cross-validation setup, respectively individual years in the temporal cross-validation setup). The

training chunks were created per site, with a random start date of the initial chunk within the first 96 days and a sliding window

with regular overlap of 32 days. The features were standardized using the mean and standard deviation of the training folds.190

Models were trained by minimising the mean squared error with the Adam optimizer (Kingma and Ba, 2017). Training

was performed for a maximum 50 iterations and stopped after 10 iterations without improvement in the validation loss. To

limit overfitting, an L2 penalty was applied on the parameter updates, and dropout (Hinton et al., 2012) was used after each

LSTM layer except for the last layer. The learning rate was adaptively reduced when the loss no longer improved for several

iterations. The batch size, the weight of the L2 penalty, the dropout rate, the initial learning rate, the patience before reducing195

the learning rate as well as the reduction factor were all tuned in an inner cross-validation loop within each data fold. The
::
In

::
the

::::::
spatial

:::::::::::::
cross-validation

::::::
setup,

:
a
:::::
3-fold

:::::
inner

:::::::::::::
cross-validation

::::
was

:::::::::
performed

:::::
within

::::
each

::
of
:::
the

::
5
::::
data

:::::
folds.

:::
The

::::
sites

:::::
were

:::::::::
distributed

:::::
based

::
on

:::::
mean

:::
air

::::::::::
temperature

::::
and

::::::::
moisture

:::::
index

::
to

::::::
ensure

:::::
equal

::::::::::::
representation

::
of

:::::::
climate

:::::
types

::::::
across

:::::
folds.

:::
The

:
hyperparameters were tuned using random search for

:::::::
sampling

::
of

:
20 iterations in the spatial cross-validation setup and

40 iterations in the
::::::::::::
configurations.

::
In

:::
the temporal cross-validation setup.

:
,
::::::::::::::
hyperparameters

::::
were

:::::
tuned

:::
for

::::
each

:::::::
held-out

::::
test200

:::
year

::::::
based

::
on

:::
the

:::::::::
remaining

:::::
years

::
of

::::
data

:::
for

::::
each

::::
site.

::
A

:::::::::::::
cross-validation

::::
with

::
5

::::::::
randomly

::::::
chosen

:::::::
held-out

:::::::::
validation

:::::
years

:::
was

::::::::::
performed.

::
In

:::
this

::::::
setup,

:::
the

::::::::::::::
hyperparameters

:::::
were

:::::
tuned

:::::
using

::::::
random

::::::::
sampling

:::
of

::
40

:::::::::::::
configurations.

::
In

:::::
both

::::::
setups,

::
the

::::::::::::
configuration

::::
with

:::
the

:::::
lowest

:::::::
average

::::::::
validation

::::::
RMSE

::::::
across

:::
the

:::::::
held-out

:::::
folds

:::
was

::::::::
selected. The set of options for each

hyperparameter is listed in Table 1.
::::
After

::::::::::::::
hyperparameter

::::::
tuning,

::::::
models

:::::
were

::::::
trained

::
on

:::
the

::::
full

::::
data

::::
folds

:::::
with

:::
the

::::::
chosen

:::::::::::::
hyperparameter

::::::::::::
configurations,

::::
with

::::
20%

::
of

:::
the

::::
sites

:::::
used

::
as

::::::::
validation

::::
data

:::
for

::::
early

::::::::
stopping

::
of

:::
the

:::::::
training.

:
205

GPP predictions were evaluated using the squared Pearson’s correlation coefficient (R2) and root mean squared error

(RMSE). In addition to assessing the daily predictions, we aggregated predictions and observations to different scales. We

calculated the mean seasonal cycle by averaging over all years observed at a site to obtain a mean value per day of the year.

Predictions and observations were also temporally aggregated to site-level means. Moreover we calculated daily anomalies,

defined as deviations between the daily values from the mean seasonal cycle; as well as yearly anomalies, defined as deviations210

between a site’s annual mean values and its global, multi-year mean.

The site-specific models were evaluated for test years that start at the wettest or coldest month. For days before the first day

of the first such month, no predictions where made. When comparing the site-specific model and the global model at the site

level, we therefore filter the predictions of the global model to comprise the exact same test days as the site-specific model.
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When evaluating the P-model, the same spatial cross-validation and temporal cross-validation was used as for the machine215

learning models, with the model parameters calibrated separately for each fold (Stocker et al., 2024).

We investigated the ability of the models to capture two different, well-known temporal effects. To test how well soil moisture

effects are reproduced, we looked at the (absolute) percentage error of the model predictions as the potential cumulative

water deficit (PCWD) increases. PCWD was calculated from the flux data as the cumulative difference between potential

evapotranspiration (PET) and precipitation (Stocker, 2021). PET was estimated based on Priestley-Taylor (Priestley and Taylor,220

1972), as implemented in the SPLASH ecosystem water balance model (Davis et al., 2017). Values were pooled from all sites

and all test days per PCWD interval, with intervals chosen such that they have at least 100 data points.
::
We

:::::::::
evaluated

:::
the

:::::::
temporal

:::::
effect

:::::
from

:::
soil

::::::::
moisture

::::
from

::
a
:::::::
different

:::::
angle

:::::::
through

:::
an

:::::::
analysis

::
of

:::::
model

::::
bias

::::::
during

:::::::
drought

::::::
events

::::::::
identified

::::
from

:::
the

:::
full

:::::::
dataset.

:::::::
Drought

:::::
events

:::::
were

::::::::
collected

::::::
through

:::
the

:::::::::::
identification

::
of

:::::
sites

:::
and

::::
days

:::::
where

:::::
light

:::
use

::::::::
efficiency

::::
was

::::::
reduced

:::
for

::
at

::::
least

::
3

::::
days

:::::::::::::::::
(Stocker et al., 2018)

:
.
:::
All

:::::
events

::::
were

:::::::
aligned

::
at

:::
the

:::::
onset.

:::
The

::::
bias

::::
was

::::::::
calculated

::
as

:::
the

:::::::::
difference225

:::::::
between

:::::
model

::::::::::
predictions

:::
and

:::::::::::
observations

:::
and

::::::::::
aggregated

:::
per

:::
day

:::
for

:::
the

::::::
period

:::::::
between

:::
10

::::
days

::::::
before

:::
the

::::
start

::
of

:::::
each

::::
event

::::
and

::
up

:::::
until

:::
100

:::::
days

::::
after

:::
the

::::
start

::
of
:::::

each
:::::
event.

::::
The

::::
bias

::::::
values

::::
were

::::::::::
normalised

::
by

::::::::::
subtracting

::::
each

:::::
value

:::
by

:::
the

::::::
median

:::::
value

:::::
during

:::
the

:::::::
window

::::::::
covering

:::::::
between

:
1
::::
and

::
10

::::
days

::::::
before

::::
each

:::::
event.

:

Second, we evaluated the models’ ability to reproduce cold acclimation effects. We selected four sites that have been found

to have a reduced light use efficiency and thus a delayed increase in GPP at the start of the growing season (DE-Hai, US-Ha1,230

US-MMS, US-PFa). Prediction errors at these sites were contrasted with those at four sites that did not exhibit any GPP delay

(BE-Vie, FI-Hyy, NL-Loo, RU-Fyo), based on the findings of Luo et al. (2023). For the two groups of sites, we aggregated and

compared predictions per day of the year with different models.

For the global LSTM model, we compared site-level performance across various environmental conditions: moisture in-

dex (P/PET), Köppen-Geiger climate zone (Beck et al., 2018), and IGBP vegetation type (International Geosphere-Biosphere235

Programme). To further investigate the generalisation of the models across sites, we compared site-level performance be-

tween the global model and the site-specific model, by computing the relative difference ∆R2 =R2
global −R2

site and the ratio

rRMSE = RMSEglobal/RMSEsite.

Finally
::
We

::::::::
evaluated

::::
two

:::::::
different

:::
sets

::
of

::::::::
predictor

::::::::
variables.

:::
The

::::::::
standard

::
set

:::::::
included

:::
the

::::::::
site-level

::::::::::::
meteorological

::::::::::::
measurements

::
as

::::
well

::
as

:::::::
fAPAR.

::::
The

::::::::
expanded

:::
set

:::::::
included

::::
LST

::::::::
variables

::::
and

:::
the

:::::::
MODIS

:::::::::
reflectance

::::::
bands.

:::
The

::::::
model

::::::::::
evaluations

::::
with240

:::
this

::::::::
expanded

:::
set

:::
are

:::::::
denoted

:::
by

:
a
::
+

::::
after

:::
the

::::::
model

:::::
name.

:::
We

:::::::::
compared

:::
this

:::::
setup

::
to

:::
the

::::::::
standard

:::::::
predictor

:::
set

::
in
:::::

terms
:::

of

:::::
overall

::::::::::::
performance.

:::::::::
Separately

::
to

:::
the

::::::::
standard

::::::
setups, we fed additional predictors to the standard feature set of the deep

learning models. For the MLP, we added soil moisture. Due to the limited quality of measured soil moisture at many flux sites,

we used modelled soil moisture from the SPLASH water balance model (Davis et al., 2017). For the LSTM, we added the root

zone water storage capacity, extracted from the global map of Stocker et al. (2023).245

::::::
Finally,

:::
we

::::::::
evaluated

:
a
::::::::
Temporal

::::::::::::
Convolutional

:::::::
Network

::::::::::::::
(Bai et al., 2018)

:::
and

:::
an

:::::
LSTM

::::
with

::::::::
attention

::::
layer

::::::::::::::::::
(Vaswani et al., 2017)

::
as

:::
two

:::::::::
alternative

::::::::
sequence

:::::::
models

:::::::::
(Appendix

:::
C).

::::
We

::::::::
compared

:::::
their

::::::
overall

:::::::::::
performance

::
as

::::
well

:::
as

::::
their

:::::
event

::::::::
response

::::::::::
performance

::
to

:::
the

::::::
LSTM.

:

:::
The

::::::
details

::
of

:::
the

::::
data,

:::::::
models

:::
and

:::::::::::
experimental

:::::
setup

:::
are

::::::::::
summarised

::
in

:::::
Table

:::
B1,

:::::
Table

:::
B2

:::
and

:::::
Table

:::
B3.

:
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LSTM and MLP

Hidden dimension 32, 64, 128, 256, 512

Learning rate 10−1, 5×10−2, 10−2,
:::::::
5× 10−3, 10−3, 10−4, 3× 10−4, 5× 10−4 , 7× 10−4, 9× 10−4

Scheduler patience 5, 10, 20, 30
:
2,

::
3,

:
5
:

Scheduler factor 0.1, 0.5 , 0.9

Weight decay (λ) 0.01, 0.001, 0.0001, 0.00001,
::::
10−3,

:::::
10−4,

:::::
10−5, 0

Batch size 16, 32, 64, 128, 256

LSTM-only

Dropout 0, 0.1, 0.2, 0.3, 0.4 , 0.5

Number of layers 1, 2, 3, 4, 5

Table 1. Hyperparameter search space for the LSTM and MLP models.

3 Results250

3.1 Overall performance

Overall, we found that both machine learning models in the global setting (i.e., a single, fixed model trained on multiple sites)

predict GPP more accurately than the process-based P-model (Table 2).
::::::::::
Furthermore,

:::
the

::::::
model

:::::::
variants

::::
with

:::
the

:::::::::
additional

::::::
remote

::::::
sensing

::::::::
variables

::
(+

:::::::
version)

:::::::::
performed

:::::
better

::::
than

:::
the

:::::::
models

::::
with

::::
only

:::
the

:::::::
standard

::::::::
predictor

::::
set. For daily predic-

tions, the R2 calculated from pooled data of all sites was 0.74
:::
0.79

:
for both the LSTM

:
+ and the MLPcompared to 0.62

::
+,255

::::::::
compared

::
to

::::
0.64

:
for the P-model. The RMSE was 16

:::
22.5% lower for the LSTM

:
+ than for the P-model. Both the LSTMand

MLP
:
+

:::
and

::::::
MLP+

:
modelled the seasonal cycle well, with R2 values of 0.82

::::
0.88. The P-model achieved an R2 of 0.76

::::
0.78

for modelling the mean seasonal cycle. The prediction of anomalies was more challenging for all three evaluated models. The

LSTM
:
+
:

achieved an R2 of 0.24
:::
0.28

:
for daily anomalies and R2 of 0.14

::
0.1

:
for annual anomalies. While the differences in

both R2 and RMSE were minimal between the LSTMand MLP
:
+
:::
and

::::::
MLP+, the P-model was outperformed in both aspects.260

Model performance varied substantially between sites (Figure 2). For 93
::
94

:
(out of 109

:::
104) sites the LSTM

:
+
:
reached a

higher R2 value than the P-model. The overall performance differences between the LSTMand MLP were negligible, with

each modeloutperforming the other at roughly half of the sites
::::::
LSTM+

::::
also

:::::::::::
outperformed

:::
the

::::::
MLP+

::
at

:::::::
slightly

::::
more

::::
than

::::
half

::
of

:::
the

::::
sites.

::::::
While

:::
the

:::::::
LSTM+

:::::
clearly

::::::::::::
outperformed

:::
the

::::::
LSTM

::
in

:::::
terms

::
of

::::::
overall

:::::::
metrics,

:::
the

::::::::::
performance

::::::
didn’t

:::::::
improve

::
at

::::
every

::::
site.

:::
At

::
68

:::
out

::
of

::::
104

::::
sites,

:::
the

:::::::
LSTM+

::::::::::::
outperformed

::
the

:::::::
LSTM.

::
In

::::::
further

::::::::
analyses,

::
we

:::::
focus

:::
on

:::
the

:
+
:::::::
versions

:::
of

::::
each265

::::::
model,

:::
as

:::
the

::::::
overall

::::::::::
performance

:::::::::
evaluation

::::::::
indicates

:::
that

::::
they

:::
are

:::::
better

::::::::
predictors

:::
of

::::
GPP.

More salient differences between the models were observed when inspecting the predicted mean seasonal cycles within

different climate zones (Figure 3). The deep learning models were better at predicting the timing of early spring GPP increase

in several climates (Köppen-Geiger codes Dfb, Dfc, Cfa). They also outperformed the P-model in desert and semi-arid cli-
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Model
:::::
Metric Daily

:::::::::
Aggregation Seasonal

:::::
LSTM Spatial

:::::
LSTM+

:
Daily Anom.

:::::::
LSTMperm: Annual Anom.

:::::::::
LSTMperm+

:::
MLP

: :::::
MLP+

:::::::
P-model

::
R2

:
R2

::::
Daily RMSE

:::
0.75

:
R2

:::
0.79 RMSE

:::
0.74

:
R2

:::
0.77 RMSE

:::
0.75 R2

:::
0.79 RMSE

:::
0.64

R2
::::::
Seasonal

:
RMSE

:::
0.84

: ::::
0.88

:::
0.83

: ::::
0.87

:::
0.84

:::
0.88

:::
0.78

:::::
Spatial

: ::::
0.73

:::
0.81

: :::
0.73

: ::::
0.77

:::
0.73

:::
0.82

:::
0.61

::::
Daily

:::::
anom.

: ::::
0.26

::::
0.28

:::
0.25

: ::::
0.26

:::
0.26

:::
0.27

: :::
0.2

:::::
Annual

:::::
anom.

: ::
0.1

: ::
0.1

::::
0.14

::
0.1

: :::
0.12

:::
0.12

: :::
0.05

LSTM
:::::
RMSE

:
0.74

::::
Daily 2.01

:::
1.92

:
0.82

:::
1.79

:
1.45

:::
1.96

:
0.70

:::
1.85

:
0.96

:::
1.92 0.24

:::
1.77 1.43

:::
2.32

0.14
::::::
Seasonal

:
0.43

:::
1.37

: ::
1.2

::
1.4

::::
1.26

:::
1.39

:::
1.17

:::
1.65

MLP
:::::
Spatial

: ::::
0.89 0.74 2.00

:::
0.89

:
0.82 1.44

:::
0.89 0.70

:::
0.71 0.97

:::
1.06

0.25
::::
Daily

:::::
anom. 1.44

:::
1.37

:
0.12

:::
1.35 0.43 P-model

:::
1.39

:
0.62

:::
1.39

:
2.40

:::
1.37 0.76

:::
1.37 1.71

:::
1.64

0.58
:::::
Annual

:::::
anom. 1.12

:::
0.44

:
0.19

:::
0.44

:
1.69

:::
0.42 0.05

:::
0.44

: :::
0.42

:::
0.43

:
0.46

Table 2. Performance metrics (R2
::
R2 and RMSE) of the global model at different aggregation levels. Metrics are calculated from pooled

data of all sites. "
:
“Daily" refers to an evaluation of

:
”
:::::::
evaluates

:
daily predictions and observations. "

:
“Seasonal" refers to an aggregation

:
”

::::::::
aggregates by day of the year per site. "

:
“Spatial" refers to an evaluation of the means per

:
”
::::
uses site

:::::
means. "

:
“Daily anom." refers to ”

::
is
:
the

deviation of daily values from the
:::
each

:::::
site’s mean seasonal cycleper site. "

:
“Annual anom." refers to

:
”
:
is
:
the deviation of the annual mean

from the multi-year mean per site.
:::
The

:::
best

:::::
values

:::
per

:::
row

:::
are

:::::
printed

::
in

::::
bold.

Figure 2. Comparison of the LSTM
:
+
:
against the P-model (a)and

:
, against the MLP

:
+
:
(b),

:::
and

::::::
against

:::
the

:::::
LSTM

::
(c). R2 of predicted versus

observed values of daily GPP per site from the global cross-validation is shown for the LSTM
:
+
:
along the y-axis and the P-model/MLP

::::::
/LSTM

along the x-axis. The dotted line indicates equal performance.

mates. Notably the LSTM predicts the seasonal cycle more accurately than the MLP particularly in hot-summer Mediterranean270

climates (Köppen-Geiger code Csa).
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Figure 3. Mean seasonal cycle of GPP and model predictions by climate zone and hemisphere. Predictions from the global cross-validation

for the LSTM
:
+,

:::::::::
LSTMperm+,

:
MLP

:
+
:

and P-model are compared against GPP observations. Climate zone boundaries are from Beck et al.

(2018).

3.2 Temporal patterns in model error

The LSTM
:::::
From

:::
the

::::::
overall

::::::::::
performance

:::::::
metrics,

::
it

::::::::
appeared

:::
that

:::
the

:::::::
LSTM+

::
is

:::
not

::::::
clearly

:::::
better

::::
than

:::
the

::::::
MLP+,

::::::
despite

:::
its

:::::
ability

::
to

:::::
learn

::::::::
temporal

:::::::
patterns.

::::::::
However,

:::
the

::::::::
improved

:::::::::::
performance

::
of

:::
the

:::::::
LSTM+

:::::::::
compared

::
to

:::
the

::::::::::
LSTMperm+

::::::::
indicates

:::
that

::::::::
temporal

:::::::::::
dependencies

::::
were

:::::::
learned.

::::::::
Targeted

:::::::::
evaluations

:::
of

:::::::
temporal

:::::::
patterns

::::
give

::
a

::::::
clearer

::::::
insight

:::
into

:::
the

::::::::::
differences275

:::::::
between

:::
the

::::::
MLP+,

:::
the

::::::::::
LSTMperm+

:::
and

:::
the

::::::::
LSTM+.
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Figure 4. Error distribution across different amounts of cumulative water deficit (PCWD, quantized into 100mm bins). Bins with less than

100 samples are not shown. Predictions are by the global models. Lines denote the median values, shaded regions lie between the lower

(25%) and upper (75%) quartiles. (a) all data pooled. (b) Evergreen sites, including Evergreen Needleleaf Forest and Evergreen Broadleaf

Forest. (c) Non-evergreen sites, including all other vegetation types (Deciduous Forests, Shrublands, Savannas and Grassland).

:::
The

:::::::
LSTM+ showed different error characteristics than the P-model at high values of PCWD. While relative errors increased

with higher PCWD for the P-model, they stayed relatively constant for the LSTM
:
+ (Figure 4a.) For all pooled data, the three

:::
four

:
models showed similar error distributions at lower levels of PCWD, again the errors of the P-model increased at higher

PCWD values, whereas they did not for the LSTM
:
+,

::::::::::
LSTMperm+

:
and the MLP

:
+.280

Separating the analysis of model errors versus PCWD by vegetation type revealed differences at higher PCWD values

(Figure 4b.). For evergreen forests, relative errors increased for both the P-modeland the MLP
:
,
:::
the

:::::
MLP+

::::
and

:::
the

::::::::::
LSTMperm+

from a PCWD of 800mm, but also decreased again.
::::
The

::::::
relative

:::::
errors

::::::::
increased

:::
less

:::
for

:::
the

:::::::
LSTM+

::::
than

:::
for

::
the

:::::
other

:::::::
models.

For non-evergreen forests, both the LSTM
::
+ and the MLP

:
+
:
showed lower relative error than the P-model above a PCWD of

1000mm.285

The comparison between sites with and without cold acclimation (delayed GPP) revealed clear differences w.r.t. the predicted

seasonal cycles (Figure 5) of the different models and the seasonal cycle of model bias. For sites without a delay in springtime

GPP increase, all models performed similarly during spring
::
the

:::::::
LSTM+

:::::::::
performed

::::
best

::::::
during

:::::
spring

::::
and

:::::::
summer. For sites

with cold acclimation, both
:::
the deep learning models capture the delay better than the P-model. The LSTM

:
+
:

predicts the

evolution of GPP best during springtime, although that edge is mostly during the late
:::
after

:::
the

::::
start

:::
of spring, whereas some290

bias remains at the onset of GPP increase
:
as

::::
well

::
as

::::::
during

:::::::
summer.

:::
The

:::::
event

:::::::
analysis

::::::
(Figure

:::
6)

::::::
showed

::::
that

:::
the

::::
deep

:::::::
learning

::::::
models

::::::::
predicted

:::
the

:::::::
drought

::::::::
response

::::::
equally

::::
well

::::::
during

:::
the

:::
first

:::
20

::::
days

::::
after

::
an

::::::
event.

:::
The

:::::::
LSTM+

::::::::
predicted

:::
the

::::::::
response

:::
best

:::::
from

::
20

::::
days

::::
after

:::
the

::::
start

:::
of

:
a
:::::::
drought

:::::
event.

:::::::::
Evaluations

:::
of

::
the

:::::::::
alternative

::::::::
sequence

::::::
models

:::::::::
(Appendix

:::
C)

::::::
showed

::::
that

:::::
while

::
the

::::::
TCN+

:::::::::
performed

:::::
better

::
at

::
60

:::
out

::
of

::::
109

::::
sites

::::::
(Figure

::::
C1),

:::
no

::::::::
difference

::::
was

:::::
found

:::::::
between

:::::::
models

::
in

:::::
terms

::
of

::::
their

:::::::::::
performance

::::::
during

:::::::
drought

:::::
events

:::::::
(Figure

::::
C2),295

:::::::::
supporting

::
the

::::::
further

:::::::::
evaluation

::
of

:::
the

:::::::
LSTM+

:::
for

::::::::
temporal

:::::::
patterns.

:
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Figure 5. Mean seasonal cycle of GPP and model predictions
::
of

::
the

:::::::
LSTM+,

:::::::::
LSTMperm,

:::::
MLP+

:::
and

:::::::
P-model for

:::
four

:
sites with delayed

GPP (a) and non-delayed
:::
four

::::
sites

::::::
without

::::::
delayed GPP (b). The shaded regions mark ,

::
as

:::
well

::
as
:::::
mean

:::
bias

:::
per

:::
day

::
of the area between the

lower
::::
year

::
for

::::
sites

:::
with

::::::
delayed

::::
GPP (25%

:
c) and upper

:::::::::
non-delayed

:::
GPP

:
(75%d)quartiles. The plot on

:::
bias

:
is
::::::::
calculated

::
as the left includes

four sites with a delay in the GPP increase
:::::::
difference

:::::::
between

:::::
model

:::::::::
predictions

:::
and

:::::::::
observations.The plot on the right includes four sites

with without the delay in the GPP increase.

3.3 Spatial patterns in model performance

The observed error patterns suggest a qualitatively different behaviour of machine learning models, especially the LSTM
:
+,

during conditions where temporal effects are known to occur. To investigate this further at the site level, we plot model perfor-

mance per site against relevant site characteristics (Figure 7).300

The LSTM
:
+
:
performed best for relatively moist sites. Across sites with moisture index P/PET ≥ 0.75 the

::::::
median R2 is

0.76
:::
0.82, whereas it was only 0.57

::::
0.65 for more arid sites (MI <0.75). The (normalised) RMSE follows a similar pattern, with

a value of 0.88
::::::
median

:::::
value

::
of

::::
0.62

:
for sites with MI <0.75, compared to 0.57

:::
0.44

:
for moist sites

::::::
(Figure

::::
D2).
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Figure 6.
:::
The

:::::
model

:::
bias

:::
per

::::
day

:::::
before

:::
and

::::
after

:::
the

::::
start

::
of

::::::
drought

::::::
events.

:::
The

::::
bias

::
is

::::::::
calculated

::
as

:::
the

::::::::
difference

:::::::
between

:::::
model

::::::::
predictions

:::
and

::::::::::
observations.

::::
The

:::
bias

::
is
:::::::::

normalised
::::
with

::::::
respect

::
to

::
the

::::::
median

:::::
value

:::::
during

:::
the

::
1

::
to

::
10

::::
days

:::::
before

::::
each

:::::
event

:::::
onset.

:::::
Shaded

::::
areas

:::::
mark

::
the

::::
area

::::::
between

:::
the

::::
33%

:::
and

:::
66%

:::::::
quartiles.

We found only a single site with poor predictions and a high moisture index, conditions at that site are
:::::
likely not adequately

represented since it is the only tropical evergreen site
:::
one

::
of

:::
the

:::
few

::::
very

:::::
moist

:::::::::
evergreen

::::
sites

:
in the dataset. All other sites305

with low performance (R2 < 0.5) have a moisture index below 0.75. The opposite is not true: the R2 varies greatly among the

drier sites, not all sites with low moisture index exhibit poor performance.

All sites with low R2 (<0.5) belonged to desert and semi-arid (BWh, BWk, BSh, BSk), tropical monsoon (Am), Mediter-

ranean (Csa, Csb) and
::
hot

::::
and

:
warm temperate (Cfa,

::::
Cfb) climates. Predictions

::
In

:::::
terms

::
of

::::::::::
normalised

::::::
RMSE,

::::::::::
predictions

are especially poor in cold semi-arid climates (BSk). In terms of normalised RMSE, also
::::
Also sites in polar climates (ET)310

performed relatively poorly, followed by
::::
other

:
desert and semi-arid climates.

Among vegetation types, the LSTM
:
+ works best for sites with deciduous broadleaf forest vegetation, with an average R2 of

0.84. Sites with inaccurate predictions (R2 < 0.5) are spread across most vegetation types, with the exception of mixed forest

:::::
closed

:::::::::
shrublands

:
and deciduous broadleaf forest. The vegetation types with the lowest overall performance are evergreen

broadleaved forests and open shrublands.315

3.4 Generalisation across space

The ability of the global LSTM
:
+
:
to generalise across space varies across different values of the moisture index, vegetation

types, and climate zones (Figure 8). For most sites, we observe a positive rRMSE, meaning that the global model is less

accurate than the site-specific ones. On the other hand, ∆R2 exhibits a less clear dependence on the moisture index, vegetation

types, and climate zones.320
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Figure 7. Performance as R2 (a) and
::::::::
normalised

:
RMSE (b) of the LSTM

:
+ (global model) per site against different site characteristics.

::::::
Section

::
(a)

:::
and

:::
(b)

::::
each

::::
show

:::::::::
comparisons

::
of
:::::
model

::::::::::
performance

::::::
against

::::::
different

:::
site

::::::::::::
characteristics:

::::::
moisture

:::::
index,

::::::::
vegetation

::::
type

:::
and

::::::
climate

::::
zone.

:::
The

::::
plots

::
on

:::
the

:::
left

::::
show

:::::
model

::::::::::
performance

::
per

:::
site

::::::
against

:::
the

::::::
moisture

:::::
index.

:::
The

::::
plots

:::
on

::
the

::::
right

::::
show

:::::
model

::::::::::
performance

:::
per

:::
site

::
for

:::::::
different

::::::::
categories

::
of

:::::::
vegetation

::::
type

:::
and

::::::
climate

::::
zone,

::
as
::::
well

::
as

:::
box

::::
plots

::::::::::
summarising

:::
the

:::::::::
performance

::
in

::::
each

:::::::
category. GRA:

grassland, SAV: savanna, EBF: evergreen broadleaf forest, WSA: woody savanna, MF: mixed forest, CSH: closed shrubland, ENF: evergreen

needleleaf forest, DBF: deciduous broadleaf forest, OSH: open shrubland.

For
:::
The

:::::::
LSTM+

:::::::
appears

::
to

:::::
show

:::::
worse

:::::::::::::
generalisability

:::::
(more

:::::::
negative

:::::
∆R2

:::
and

:::::::
rRMSE

::::::
further

:::::
above

::
1)

::
at

:
relatively arid

sites (MI<0.75),
::::::::
compared

::
to

:::::
more

:::::
moist

::::
sites.

::::
For

::::::::
relatively

:::
arid

:::::
sites, site-specific models almost never have a higher

::::::
mostly
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::::
have

:
a
:::::
lower

:
RMSE than the global one (4 out of 43

:
5
:::
out

::
of

:::
40 sites, or 9

::::
12.5%), whereas the advantage is less pronounced

for moist sites (14 out of 66, or 21
::
21

:::
out

:::
of

:::
64,

::
or

:::
33%). Out of the 19

::
13

:
sites with a considerable drop in performance

of the global model compared to the site-specific model (poor generalisability of the model to those sites, ∆R2 < 0.1), 12325

::::::::::::
∆R2 <−0.1),

::
11

:
have a MI of less than 0.75. The climate of 5 out of those 12 is

:::
Out

::
of

:::::
those

::
11

:::::
sites,

:
4
:::
are

:
classified as a hot

summer Mediterranean climate (Csa) . The 7 sites with a higher moisture index (MI>0.75)are in polar tundra climates (3) and

in humid temperate and continental climates (4)
:::
and

:
6
:::

as
:
a
::::::::
semi-arid

:::::::
climate

:::::
(BSh,

:::::
BSk). For the Mediterranean, desert, and

semi-arid climates, generalisation capabilities vary substantially, with the global model outperforming the site-specific one in

some sites but not in others.330

In terms of generalisation, there are no clear
:::::
overall

:
differences between the LSTM

:
+ and the MLP

:
+
:
(Figure 9). However, a

pattern emerges w.r.t. aridity: sites better explained by the LSTM
:::
for

:::::
which

:::
the

::::::
global

:::::::
LSTM+

::::::
model

:::::::::
performed

:::::
better

::::
than

::
the

::::::
MLP+

:
have a mean moisture index of 0.86, while for sites better explained by the MLP the mean MI is 1.22

::::
0.85,

:::::
while

::::
sites

::
for

::::::
which

:::
the

:::::::
opposite

::::
was

:::::
found

::::::
(global

::::::
MLP+

:::::
model

:::::
better

::::
than

::::::
global

:::::::
LSTM+

::::::
model)

::::
have

:
a
:::::
mean

:::
MI

::
of

::::
1.11.

3.5 Performance with additional features335

Based on the observed temporal error patterns in response to water deficit, we tested whether the memoryless MLP
:
+
:
would

benefit from soil moisture as an added predictor (Figure 10). Including soil moisture information from the SPLASH water

balance model led to a minimal difference in overall performance. There is a trend that adding soil moisture improves the

MLP
:
+
:
prediction at drier sites (mean MI 0.85

:::
0.93), but leads to a small performance loss at moist sites (mean MI 1.23

:::
1.10).

We also tested the LSTM
:
+
:

with the estimated root zone water holding capacity as additional (time-invariant) predictor340

(Figure 10). This slightly decreased the RMSE, respectively increased the R2, at the few extremely moist sites in our dataset

(MI>2), otherwise the differences were minimal
:::::
While

::::
this

:::
led

::
to

:::::::
minimal

:::::::
overall

::::::::::
differences,

::::
the

::::::::::
performance

:::::::::
improved

::
at

::::
both

::::
very

:::::
moist

:::
and

::::
very

:::
dry

::::
sites.

4 Discussion

4.1 Neural networks are skilled GPP simulators
:::
Key

::::::::
insights345

The most elementary
:::
We

::::
have

::::::::
compared

:::::::
different

::::::
model

::::
types

:::
for

::::::::
predicting

::::
GPP

:::::
from

:
a
::::::
shared

::
set

::
of

:::::::::
predictors.

:::
To

:::::::::
summarise,

::
the

:::::::::
following

:::
key

::::::
results

::::
were

::::::::
obtained:

:

–
:::
The

::::::
neural

::::::::
networks

:::::::
(LSTM

::::
and

:::::
MLP)

:::
are

::::::
better

::::
GPP

:::::::::
predictors

::::
than

:::
the

:::::::::::
mechanistic

::::::
model

:::::::::
(P-model)

:::::
(Table

:::
2,

:::::
Figure

::
2,

::::::
Figure

:::
3).

–
:::
The

::::::
LSTM

::::::::
improves

::::
GPP

::::::::
prediction

:::::::::
compared

::
to

::
the

:::::::::
LSTMperm::::

(and
:::::
MLP)

:::::
under

::::::::
temporal

:::::
stress

:::::::
patterns

::
by

:::::::::
leveraging350

::::::
learned

:::::::
memory

::::::
(Figure

::
4,
::::::
Figure

::
5,

::::::
Figure

:::
6).
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Figure 8. Patterns in the LSTM
:
+’s ability to generalise, measured by ∆R2 (a) and rRMSE (b). Positive ∆R2 values and rRMSE values <1

mean the global model performs better than the site-specific one.
::::::
Section

::
(a)

:::
and

:::
(b)

::::
each

::::
show

::::::::::
comparisons

::
of

:::::
model

:::::::::
performance

::::::
against

::::::
different

:::
site

::::::::::::
characteristics:

:::::::
moisture

:::::
index,

::::::::
vegetation

::::
type

:::
and

::::::
climate

::::
zone.

::::
The

::::
plots

::
on

:::
the

:::
left

:::::
show

::::::::::
generalisation

::::::
ability

:::
per

:::
site

:::::
against

:::
the

:::::::
moisture

::::
index.

::::
The

::::
plots

::
on

:::
the

::::
right

::::
show

::::::::::
generalisation

::::::
ability

::
per

:::
site

:::
for

:::::::
different

:::::::
categories

::
of
::::::::
vegetation

::::
type

:::
and

::::::
climate

::::
zone,

::
as

:::
well

::
as
::::

box
::::
plots

::::::::::
summarising

::
the

::::::::::
performance

::
in

::::
each

:::::::
category.GRA: grassland, SAV: savanna, EBF: evergreen broadleaf forest,

WSA: woody savanna, MF: mixed forest, CSH: closed shrubland, ENF: evergreen needleleaf forest, DBF: deciduous broadleaf forest, OSH:

open shrubland.

–
:::::
When

::::::::
averaged

:::::
across

::::::::::
conditions,

:::
the

::::::
LSTM

:
is
::::

not
::::::
clearly

:::::
better

::::
than

:::
the

:::::
MLP

:::::
(Table

:::
2).

::::::::
However,

:::
the

::::::
LSTM

::::::
shows

:::::::::
advantages

:::::
under

:::::::
drought

::::::::
conditions

:::::::
(Figure

::
4,

:::::
Figure

::
6,
::::::
Figure

:::
9).

::::
This

:::
can

:::
be

::::::::
mitigated

::
to

::::
some

::::::
extent

::
by

::::::::
providing

::
a

:::::
simple

::::
soil

:::::::
moisture

:::::
index

:::::::
(Figure

:::
10).

:
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Figure 9. Per-site comparison of ∆R2 for LSTM
:
+
:
vs. P-model (a) and LSTM vs. MLP(b)

:
+. Colours encode the moisture index. The number

of sites on either side of the diagonal and their mean moisture index are displayed in the corners. At the top we show the significance of the

difference in MI, as per the two-sided Mann-Whitney U-test.

–
::::
With

:::::
added

:::::
earth

:::::::::
observation

::::::::
variables,

:::::
there

:
is
::
a
::::
clear

:::::::::::
improvement

::
in

::::::
model

::::::::::
performance

::::::
(Table

:
2,
::::::
Figure

:::
2).

::::::::
However,355

::::
there

::
is

:::
still

::
a
::::
large

:::::::::
variability

::
in

:::::
model

:::::::::::
performance

::
in

:::
dry

:::::::::
conditions

::::::
(Figure

::
7,
::::::
Figure

:::
8).

::
In

:::
the

::::::::
following,

:::
we

::::::
discuss

:::::
these

:::::::
insights

::
in

::::
more

::::::
detail.

4.2
:::::
Neural

:::::::::
networks

:::
are

::::::
skilled

:::::
GPP

:::::::::
simulators

::
An

::::::
initial conclusion from our experiments is that neural network models have higher predictive skill than the theory-based

P-model, across all levels of aggregation (Table 2). The main advantage of neural models is their capacity to represent complex360

functional dependencies, including effects that may not have been anticipated when deriving a model from plant physiological

theory. Importantly, the neural networks predict GPP more accurately at unseen test sites. In other words, learning does not

overfit the specific data streams at the training sites but discovers transferable patterns that are valid across space, and thus

implicitly across environmental gradients. We attribute this robustness to the diversity of sites in our dataset, and to careful

(fully automatic and data-driven) hyperparameter tuning.365

In contrast to the deep learning models (LSTMand MLP
:
+
::::
and

::::::
MLP+), the P-model implements rigid functional dependen-

cies derived from a simplified depiction of the underlying processes (e.g., the big-leaf representation of canopy light absorption

and a schematic, empirical treatment of water stress effects). The model has only few parameters to calibrate to the data (in

our case four). On the one hand, so few degrees of freedom deprive the model of the ability to adapt to small but persistent
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Figure 10. Impact of complementary input features (soil moisture for the MLP
:
+, water holding capacity for the LSTM

:
+).

::
(a)

:
to
:::

(c)
::::
show

:::
the

::
R2

:::
and

:::
(d)

::
to

::
(f)

:::::
show

::
the

::::::
RMSE.

:::
(a)

:::
and

::
(d)

:::::::
compare

:::
the

:::::
MLP+

::::
with

:::
soil

:::::::
moisture

::
to

::
the

::::::
MLP+.

:::
(b)

:::
and

::
(e)

:::::::
compare

:::
the

::::::
LSTM+

::
to

:::
the

:::::
MLP+

:::
with

:::
soil

::::::::
moisture.

::
(c)

:::
and

::
(f)

:::::::
compare

:::
the

::::::
LSTM+

::::
with

::::
water

::::::
holding

:::::::
capacity

:
to
:::

the
:::::::
LSTM+. Each dot represents

::
the

::::::::::
performance

::
for

:
one site. The number of sites on either side of the diagonal and their mean moisture index are displayed in the corners. At the top we

show the significance of the observed differences, as per the two-sided Mann-Whitney U-test.

effects present in the data; making it less accurate. On the other hand, they prevent it from going too far astray in the face of370

unexpected inputs.

Considering overall evaluations across all sites and dates, the two neural models perform equally well. However, the ad-

vantage of the LSTM
:
+
:
over the other models was clear under certain conditions that we expected from the outset to underlie

temporal structure in the data - water stress (Figure 4) and frost/cold acclimation (Figure 5). Under these conditions, the

LSTM
:
+
:

outperforms both the MLP
:
+
:

and also the mechanistic model. This indicates a potential for improving our
:::
lack

:::
of375

::::::
current mechanistic understanding of processes affecting GPP under these conditions.

:
It
::::::
should

::::
also

:::
be

:::::
noted

:::
that

:::
the

:::::::::
collection

::
of

::::
sites

:::::
used

::::
here

:::::::::
represents

::::
only

:
a
:::::::

limited
:::::
subset

:::
of

::
all

:::::::
relevant

::::::::::::
environments

::
on

:::::
Earth.

:::::
None

:::
of

:::
the

::::
sites

:::
are

:::::::
located

::
in

:
a
:::::::
tropical

:::::::
ever-wet

:::::::
climate

::::
and

::::::
certain

:::::::::
conditions

:::
and

::::::::::::
combinations

::
of

:::::::::
vegetation

::::
types

::::
and

:::::::
species,

:::::::::::
environments,

::::
and

::::
plant

:::::::
growth

:::::::::
conditions

::::
(soil,

:::::::::
subsurface

::::::::::
hydrology)

::::
may

:::
not

::
be

:::::::
covered

:::
by

:::
our

::::::
spatial

:::::::::::::
cross-validation

:::::
setup.

:::
The

::::::
limited

::::
data

:::::::::
availability

::
is
::::::::::
exacerbated

:::
by

::
the

::::
fact

:::
that

:::::::
seasonal

:::::::::
variations

:
in
:::::
GPP

:::
and

::::::::::::
environmental380

::::::::
conditions

::::
tend

::
to

:::
be

::::
very

:::::
small

::
in

:::
the

::::::
tropics.

::::::
Hence,

::
it

:::::::
remains

::::::
unclear

:::::::
whether

:::
the

::::::
learned

::::::
models

::::::::::
extrapolate

::
to

:::::::::
conditions

:::
not

::::
well

::::::::::
represented

::
in

:::
our

::::
data

:::::::::
collection

:::::::::::::::::::::::::::::::::::::::
(Ludwig et al., 2023; Meyer and Pebesma, 2022)

:
.
:::::
While

::
it
::
is

::::::::::
technically

:::::::
possible
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::
to

::::::
predict

::::
GPP

:::::::::
wherever

:::
the

:::::
input

:::::::::
predictors

:::
are

::::::::
available,

:::::
such

::::::::
upscaling

::::::
should

:::
be

:::::
done

::::
with

:::::::
caution,

::::
and

:::
the

:::::::
limited

::::::::
reliability

:::::
under

::::::::
particular

:::::::::
conditions

::::::
should

:::
be

::::::::::
considered.

:::
Our

::::::
results

:::::::
suggest

:::
that

::::::::::
predictions

:::
are

::::
least

:::::::
reliable

::
in

:::::::
regions

::::
with

:::::::::
pronounced

::::::::
seasonal

::
or

::::::::
perennial

:::::
water

:::::::::
limitation.385

Analysing patterns in prediction error of the different models and model performance of out-of-sample predictions has

revealed several key insights for (data-driven) modelling of terrestrial photosynthesis and its limitations. In the following, we

discuss them in more detail.

4.3 Modelling cumulative and lagged effects on GPP benefits from a recurrent model

The prediction errors for both the MLP
::
the

:::::::
MLP+,

::::::::::
LSTMperm+

:
and P-model tended to grow with increasing water deficit,390

but errors of the LSTM
::
+ remained smaller for moderate levels of water deficits compared to the MLP. The LSTM, which

::::
other

:::::::
models

::::::
(Figure

:::
4).

::::::
Event

:::::::
analysis

::::
also

:::::::
showed

::::
that

:::
the

::::::::
recurrent

::::::::::
architecture

:::::
helps

:::::::
predict

:::
the

::::::::
response

::
in

::::
GPP

:::
to

::::::
drought

::::::
events

::::::
(Figure

:::
6).

::::
The

::::::
benefit

:::
was

::::::::
observed

::::::::
primarily

:::::
from

::
20

:::::
days

::::
after

:::
the

::::
start

::
of

::
a

::::::
drought

::::::
event.

:::
The

:::::::::
similarity

::
in

::::::::
prediction

:::::
errors

::::::
among

:::::::
models

:::::
during

:::
the

::::
start

::
of

:::::::
drought

::::::
events

:::
and

::
at

:::::
lower

:::::
levels

::
of

:::::::
PCWD

::::::
appears

::
to
:::::::
indicate

::::
that

:::
the

:::::::
recurrent

::::::::::
architecture

::::
only

:::::::
benefits

:::
the

::::::::
prediction

::
of

::::
GPP

::
at
::::::
higher

:::::
levels

::
of

:::::
water

:::::
stress.

:::
On

:::
the

::::
other

:::::
hand,

::
as

:::
the

:::::::
LSTM+

:
was395

trained with sequences of 128 days,
:
it could adapt to water limited conditions that build up over a period of up to 4 months.

Due to the limited sequence length, longer periods of water stress were presumably not learned, which may contribute to rising

errors towards the high end of cumulative water deficits and the relatively poor prediction of annual anomalies which may be

driven by variable hydroclimatic conditions across years.

In this context, we point out that several factors likely degrade the prediction of annual anomalies: Inter-annual variability of400

ecosystem fluxes likely reflects effects by specific site histories which are not reflected in the predictor variables (Abramowitz

et al., 2024), from inconsistencies in measurements of fluxes and meteorological covariates across years (e.g., sensor replace-

ments), or by lagged effects of climatic extreme events (Zscheischler et al., 2014). By their nature, such effects are difficult to

learn from example data spanning at most a few decades.

Adding soil moisture as a predictor to compensate for the MLP
:
+’s lack of memory did not clearly boost overall performance.405

This indicates that (simulated) soil moisture does not fully account for the effects of gradually changing water stress, calling

into question a widely used practice (Nelson et al., 2024; Kang et al., 2023; Tramontana et al., 2016; Gaber et al., 2024) and

likely relates to a general challenge in accurately modelling water stress effects, which we discuss in more detail below. Soil

moisture information did, however, improve GPP prediction at relatively arid sites at the cost of a slight drop at moist sites –

nudging the behaviour of the MLP
:
+
:
towards that of the LSTM

:
+. We speculate that this trade-off could hint at a dependence410

of the functional relationships on aridity. The dependence of GPP on a soil moisture optimum that shifts in response to the

growing season soil moisture (Peng et al., 2024) could also contribute to an advantage of the LSTM
:
+
:
compared to the MLP

:
+

with the current value of soil moisture.

Conversely, the LSTMhad an advantage over the MLP in arid regions, but
:
+
::::

had
:
a (small) disadvantage in moist regions

::::::::
compared

::
to

:::
the

:::::
MLP+

:
(Figure 9); while there was no obvious relation between the moisture index and the preference for global415

or site-specific modelling. Taken together, it seems that the LSTM
:
+
:
more consistently generalises across different aridity levels
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than the non-recurrent model. This could be an indication that the functional relationships it uncovers hold over a wider range

of aridity regimes.
:::::
These

:::::::
patterns

::
are

:::::::
unlikely

::
to
:::::
stem

::::
from

::::::
uneven

::::::
spatial

::::::::::::
representation,

::::
data

:::::::
sampling

:::::::
artifacts

::
or

::::::::::
differences

::
in

::::::
training

::::
data

::::::
length.

::::::
These

::::
were

:::::::::
accounted

::
for

:::
by

:::::::
ensuring

:::::
even

::::::::::::
representation

:::
and

::::::::
sequence

:::::
length

:::
of

:::::
moist

:::
and

::::
arid

::::
sites

::::::
(Figure

::::
D1)

::
as

::::
well

::
as

::::
even

::::::::::
distribution

::
of

::::::::
moisture

:::::
index

:::::
values

:::::
when

:::::::
splitting

:::::
sites

:::::
during

::::::::
training.

:::::::::
Therefore,

:::
we

:::::::
attribute420

::::::::::
performance

::::
gaps

::
to

:::
the

::::::
ability

::
of

:::
the

::::::
models

::
to

:::::::
account

:::
for

:::
the

:::::::::
ecological

:::::::::
complexity

:::::
under

::::
arid

:::::::::
conditions.

:

The LSTM
:
+
:
also better captured delayed GPP increase in spring due to the cold acclimation effect (Figure 5). Luo et al.

(2023) found that a reduced efficiency of photosynthetic light utilisation during springtime was a consequence of a combination

of low minimum temperatures and high radiation during the weeks and months leading up to and during the start of the growing

season. A recurrent deep learning model offers a basis for more accurately modelling GPP under such conditions than non-425

recurrent architectures. Unresolved challenges remain, though, in the form of a remaining marked bias in the early part of

spring also for the LSTM
:
+.

::::::
Overall,

::::
we

:::::
found

::::
that

:::
the

:::::::
LSTM+

:::::::
benefits

:::::
GPP

:::::::::
prediction

::::::
during

:::::::
periods

:::
that

::::
are

:::::::
affected

:::
by

::::::::
temporal

:::::::
patterns.

::::
For

::
the

::::::::
temporal

::::::::
patterns

::::::::
evaluated,

::::
the

::::::::::
LSTMperm+

::::
and

::::::
MLP+

:::::::
behaved

::::::::
similarly,

::::::
while

:::
the

:::::::
LSTM+

:::::::
showed

::
a
:::::::::::
performance

::::::
benefit.

:::::::::::
Furthermore,

:::
the

::::::::::
LSTMperm+

:::
had

:::
the

:::::
same

:::::
model

:::::::
capacity

:::
as

::
the

::::::::
LSTM+.

:::::::::
Combined,

::::
this

:::::::
indicates

::::
that

:::
the

::::::::
improved430

::::::::
prediction

::
of

:::::::
LSTM+

::
is

:::
due

::
to

:
a
::::::
learned

::::::::
memory,

::::::::
compared

::
to

:::
the

::::::::::
LSTMperm+

:::
and

::::::
MLP+

:::::
which

::::
both

::::
only

:::
see

::::::::::::::
contemporaneous

:::::::
predictor

::::::::
variables.

:

4.4 Unknown effects of water stress are a dominating source of model error

We found that GPP can relatively reliably be predicted across relatively moist, winter-cold sites. For sites with a moisture

index of 0.75 and above, the mean R2 for spatial out-of-sample predictions was 0.76
::::
0.80. This indicates that -

:
– at least for the435

abiotic and biotic conditions represented in our dataset -
:
–
:

GPP can be reliably simulated. Generalised models that spatially

upscale yield relatively reliable results under such conditions with the R2 of spatial out-of-sample tests falling between 0.52

:::
0.4 and 0.94.

However, under more arid conditions (MI <0.75) we found very variable performance of a generalised model. Different

factors may cause poor generalisability across sites. Poor data quality with systematic differences of measurement errors across440

sites (Abramowitz et al., 2024), differences in functional relationships between GPP and its predictors across different species

and vegetation types, or insufficient information in predictor variables all may underlie the variable performance of the global

model across sites. Our results suggest that variable model performance is not clearly related to vegetation types (Figure 7).

A tendency of poorer model performance in evergreen vegetation is likely related to limited information in remotely sensed

greenness which is provided as a predictor (fAPAR). A clearer relationship of model performance was found across climate445

zones and across the gradient of the site’s average aridity (Figure 7). Together with our finding of a clear relationship between

the model prediction error and potential cumulative water deficits (Figure 4)
:::
and

::::::
length

::
of

:::::::
drought

::::::
events

::::::
(Figure

:::
6), this

suggests that poor model generalisability is linked to variable exposure and response to water stress across sites. Apparently,

the history of precipitation and radiation is not sufficient to accurately model vegetation water stress exposure and responses,

and effects on GPP.450
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Two factors are likely to undermine generalisability. First, responses to declining water potentials in the rooting zone are

highly variable across species and linked to plant hydraulic traits and water use strategies. Even within broad classes of vegeta-

tion types, hydraulic relations of different plant species exhibit a wide variety (Choat et al., 2012; Joshi et al., 2022; Anderegg

et al., 2018; Xu et al., 2016; Whitley et al., 2017; Konings and Gentine, 2017). Particularly in dry-adapted ecosystems (e.g.,

savannas and shrublands), contributions of different species to ecosystem-level integrated fluxes may also change over the455

season as a result of species-specific responses of leaf area to dryness (Xu et al., 2016; Whitley et al., 2017). Without related

information provided to models, this complexity and the resulting variability of GPP responses to dryness cannot accurately be

modelled across ecosystems with different species compositions.

Second, the exposure to water stress is highly variable across sites as a result of the surrounding topography and subsurface

hydrology. Giardina et al. (2023) found strong variations of the functional relationship between evapotranspiration and cumu-460

lative water deficits, suggesting strongly variable rooting zone water storage capacities and plant access to groundwater across

sites (Fan et al., 2017). Subsurface hydrology, groundwater influence, and belowground moisture convergence also appear to

lead to large differences in ecosystem water balances at relatively dry sites (Hahm et al., 2019; McCormick et al., 2021). Several

flux measurement sites have been identified as having greater mean annual precipitation than evapotranspiration, suggesting

subsurface moisture convergence and the influence of groundwater (Abramowitz et al., 2024). Due to the close link between465

evapotranspiration and GPP, these relations affect vegetation activity in general, including GPP. The surrounding topography,

water holding capacity of the soil and weathered bedrock, groundwater table depth and rooting depth are either insufficiently

known or specified from the predictors used for modelling GPP. Thus, related effects on GPP and the associated variability of

water stress exposure cannot accurately be modelled across space. Variable water stress exposure and response affect GPP in

relatively moist and energy-limited sites to a lesser degree than sites with frequent water limitation. Hence, a clear relation of470

model generalisability across aridity (Figure 8) emerges.

Another factor that contributes to these generalisation challenges is remotely sensed fAPAR, which is a predictor of GPP

and tends to be less accurate in arid regions, where satellite sensors struggle to capture the large spatial heterogeneity at sub-

pixel scales and may be affected by light absorption by non-photosynthetically active tissue (Kannenberg et al., 2024). In

particular, noise due to sparsity, vegetation senescence and soil background lead to a frequent overestimation of fAPAR in arid475

and semiarid regions (Smith et al., 2019). This is exacerbated by the relative lack of ground observations in drylands, needed

for calibration.

We expected that site-specific responses would be more effectively modelled by site-specific models compared to a gener-

alised, global model. However, this was not unanimously the case. While the mean prediction error (RMSE) was generally

lower for site-specific models, these models often predicted a smaller fraction of variation in the data than the global mod-480

els. This was most clearly found for sites for which relatively short time series were available for model training. Hence,

site-specific responses appear to be learnable, given sufficient data. Our interpretation is that R2 measures the ability to ex-

plain the variance in GPP, a task that becomes easier as the model sees more data. Put differently, a site-specific model can

more accurately memorize the mean seasonal cycle of one particular site; but may not learn as well to deduce daily variations

from observed changes in light and meteorology, due to its restricted sample. Indeed, sites where the global model was better485
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(positive ∆R2) invariably had relatively short observation periods (Figure 7
:
8), which increases the need to learn parts of the

functional relation from other sites.

4.5 Caveats

It should be noted that the collection of sites used here represents only a limited subset of all relevant environments on

Earth. Only one site located in a tropical ever-wet climate is used here and certain conditions and combinations of vegetation490

types and species, environments, and plant growth conditions (soil, subsurface hydrology) may not be covered by our spatial

cross-validation setup. Indeed, our evaluation suggests that the GPP predictions are relatively poor at the single ever-wet

tropical site (Figure 3). The limited data availability is exacerbated by the fact that seasonal variations in GPP and environmental

conditions tend to be very small in the tropics. Hence, it is unclear whether our learned modelsextrapolate well across the globe

(Ludwig et al., 2023; Meyer and Pebesma, 2022). While it is technically possible to predict GPP wherever the input predictors495

are available, such upscaling should be done with great caution, and the limited reliability under particular conditions should

be considered. Our results suggest that predictions are least reliable in regions with pronounced seasonal or perennial water

limitation, and in the moist tropical forest biome.

We point out a technical limitation of our comparison: Adding recurrence not only equips the LSTM with a memory to model

temporal dependencies of ecosystem photosynthesis; it inevitably changes also the model architecture.
:::::
While

:::
the

::::::::::
data-driven500

::::::
models

::::::
showed

::::::::::
advantages

::
in

::::::
certain

:::::::::
situations

::::
with

:::::::
temporal

:::::::
effects,

::
it

::
is

::::
clear

::::
that

:::::::::
challenges

:::::::
remain.

::::
Even

::::
with

::::::::
memory

:::
and

::::::::
accessible

:::::::::::
precipitation

::::::
history,

::::::::
exposure

:::
and

:::::::::
responses

::
to

:::::
water

:::::
stress

:
is
:::
not

::::::::::
sufficiently

::::::::
modelled.

::::
This

::::::
applies

::
to
:::::::
models

::
of

::::
GPP

::
in

:::::::
general,

::::::::
including

:::::::::::
mechanistic

:::::::
models.

::
As

::::::::
outlined

:::::
above,

::
it
::
is
:::::
likely

::::
that

::::::
models

:::::
need

::::::::
additional

:::::::::::
information

::
to

:::::::
simulate

::::
GPP

::::::
reliably

::
at
::::
arid

::::
sites.

::::
Our

::::::::::
experiments

::::::::
indicated

:::
that

:::::::
addition

::
of

:::::::::
commonly

::::
used

::::::::::::::
satellite-derived

:::::::
variables

::::::
boosts

:::::
overall

::::::
model

:::::::::::
performance

:::::::
without

::::::::
resolving

:::
the

::::
large

:::::::::
variability

::
in

::::::
model

::::::::::
performance

::::::
across

:::
dry

:::::
sites.

::::
This

:::::::::
highlights

:::
the505

::::
need

:::
for

:::
the

::::::::
inclusion

::
of

:::::::
further

::::::::::
information

:::
that

::
is
:::::::

relevant
::::

for
:::::::
accurate

:::::::
drought

::::::::
response

::::::::::
simulations.

:
We auto-tuned the

models separately for best performance, still the GPP predictions for the same test sites were made by models with different

theoretical capacities (that may vary, as the numbers of layers and the layer sizes were auto-tuned per cross-validation fold).

This makes it challenging to attribute all performance differences to the recurrent mechanism
:::::
expect

::::
that

:
a
::::::
similar

:::::::::
reasoning

:::
and

:::::::
potential

:::
for

::::::
model

:::::::::::
improvement

::::::
applies

::::
also

:::
for

::::::::::
mechanistic

::::
land

::::::
surface

:::::::
models.

::::
The

:::::::::
integration

::
of

:::::::::
additional

:::::::
satellite510

:::
data

::
to
::::::
inform

:::::::
models

::
for

:::::::
reliable

::::::::::
simulations

::
of

:::::
water

:::::
stress

:::::::
exposure

::
in

::::
land

::::::
surface

:::::::
models

::::::
remains

::
a
::::::
largely

::::::::
unsolved

::::
task.

::::::::
Typically,

::::
land

::::::
surface

::::::
models

:::::::
account

:::
for

:::::
water

::::::::
limitation

:::
by

:::::::::
predicting

:::
leaf

::::
area

:::::
index

:::
and

::::::::
stomatal

::::::::::
conductance

:::::::::
internally.

::::::::
Therefore,

::::::::
unknown

::::::::
exposure

::
to

:::::
water

:::::
stress

:::
will

:::::
likely

::::::
remain

::
a
::::
large

::::::
source

::
of

::::::::::
uncertainty

::
in

:::
land

:::::::
surface

::::::
models.

:::::::::
Similarly,

::::::::::
mechanistic

::::::
models

:::
like

:::
the

:::::::
P-model

:::
use

:::::::
fAPAR,

:::
but

:::
no

::::
other

::::::
remote

:::::::
sensing

:::
data

::::
due

::
to

:::::::::
challenges

::
in

::::::
linking

::::
them

::
in

:::::::
process

::::::::::::
representations.515
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5 Conclusions

We have demonstrated that an LSTM – a popular type of recurrent deep neural network – is a powerful model to predict ecosys-

tem GPP from local meteorological observations and remotely sensed fAPAR. Based on a spatial and temporal out-of-sample

evaluation, we find that the model has significantly higher predictive skill than the theory-based P-model and outperforms a

non-recurrent deep learning model under conditions of low root-zone moisture availability and very low temperatures in pre-520

ceding weeks. The LSTM reliably simulates GPP dynamics across a range of environmental conditions and vegetation types

(no agricultural vegetation tested here) at relatively moist sites (MI >0.75). An exception is the only tropical evergreen site in

our dataset, where low seasonality of the environment constitutes a challenge for predicting observed GPP variations.

Through a detailed analysis of error patterns, we find that a recurrent model more accurately captures the GPP response to

longer-term, cumulative impact. In particular, the LSTM adapts better to arid environments affected by water stress, a condition525

that builds up over time. Yet, we find that there is still a large variability in model skill across relatively arid sites, even if it

outperforms both the mechanistic P-model and a memoryless neural network.
:::
The

:::::::::
variability

:::::::
remains

::::
even

::::
with

:::
the

::::::::
inclusion

::
of

::::::::
additional

:::::
earth

::::::::::
observation

::::
data,

::::::::
although

::::
this

::::::::
improves

::::::
general

::::::
model

:::::::::::
performance.

:
This suggests that the model lacks

information on variations in exposure and response to water stress and related effects on GPP. The inclusion of additional

remotely-sensed and temporally varying information (e.g., land surface temperature (Fisher et al., 2020), sun-induced fluo-530

rescence (Li et al., 2018), vegetation optical depth (Konings and Gentine, 2017)) or static information about the topography,

average groundwater table depth (Fan et al., 2013), and subsurface structure (Pelletier et al., 2016) as predictors for the deep

learning models bears the potential for reducing errors and yielding more reliable GPP simulations in dry environments. As

ecosystems are becoming more exposed to water limitation due to climate change (Denissen et al., 2022; Fu et al., 2024), it

remains an important research topic to improve the predictability of ecosystem fluxes in the context of water stress.535

Code and data availability. The code and data used in this study are available in the following GitHub repository: https://github.com/

SamanthaBiegel/gpp-ml. Releases of this repository are archived on Zenodo (Biegel, 2025) The CSV file ’data/fdk_v342_ml.csv’, which

can be obtained from the repository, contains the dataset that is used as input to the machine learning experiments. The creation of this

dataset can be reproduced with several steps. First, data is obtained from FluxDataKit v3.4.2 (Hufkens and Stocker, 2025), which gathers

publicly accessible flux data from the major networks of eddy covariance sites described in section 2.1. The files from FluxDataKit are then540

processed using the script ’src/preprocess_data.py’, which results in the aforementioned CSV file. The data used as forcing for the P-model is

available in a separate file in the repository that is derived from the CSV file and FluxDataKit metadata: ’R/drivers.rds’. Model experiments

can be run with these two files as input by following the steps for environment preparation and experiment runs as detailed in the documenta-

tion page of the repository (https://github.com/SamanthaBiegel/gpp-ml). Predictions from all model experiments are stored in the directory

’preds/’ and processed with ’figures.ipynb’ to produce the figures presented here.545

Appendix A: Site information
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Sitename Period MI Clim. Veg. Evergreen Delayed GPP

AT-Neu 2002-2012 1.34 Dfc GRA False

AU-ASM 2012-2016 0.23 BSh SAV False

AU-Cow 2010-2014 3.89 Am EBF True AU-Cum 2013-2018 0.60 Cfa EBF True

AU-DaS 2012-2017 0.74 Aw SAV False

AU-GWW 2013-2017 0.23 BWh SAV False

AU-Gin 2012-2017 0.42 Csa WSA False

AU-How 2009-2017 0.92 Aw WSA False

AU-Stp 2011-2016 0.50 BSh GRA False

AU-Tum 2011-2017 0.53 Cfb EBF True

AU-Ync 2012-2016 0.23 BSk GRA False

BE-Bra 2010-2020 1.17 Cfb MF False

BE-Dor 2011-2020 1.07 Cfb GRA False

BE-Maa 2016-2020 1.16 Cfb CSH False

BE-Vie 1997-2020
::::::::
2000-2020

:
1.36 Cfb MF False False

CA-Ca1 1998-2009
::::::::
2000-2009

:
3.03 Cfb ENF True

CA-Ca2 2001-2010 3.45 Cfb ENF True

CA-Cbo 2009-2020 1.17 Dfb DBF False CA-Gro 2004-2013 1.16 Dfb MF False

CA-Qfo 2004-2010 1.47 Dfc ENF True

CA-TP1 2009-2013 1.15 Dfb ENF True

CA-TP3 2008-2017 1.35 Dfb ENF True

CA-TPD 2012-2017 0.92 Dfb DBF False

CH-Aws 2015-2020 1.96 ET GRA False

CH-Cha 2010-2020 1.53 Cfb GRA False

CH-Dav 1997-2009
::::::::
2000-2009

:
1.20 ET ENF True

CH-Fru 2011-2020 2.47 Cfb GRA False

CH-Lae 2005-2019 1.22 Cfb MF False

CH-Oe1 2003-2008 1.93 Cfb GRA False

CZ-BK1 2004-2019 1.88 Dfb ENF True

CZ-Lnz 2015-2020 0.66 Dfb MF False

CZ-RAJ 2012-2020 0.83 Dfb ENF True

CZ-Stn 2010-2020 0.96 Dfb DBF False

DE-Gri 2005-2019 1.38 Cfb GRA False

DE-Hai 2000-2019 1.22 Cfb DBF False True

DE-HoH 2015-2020 0.66 Cfb DBF False

DE-Obe 2009-2020 1.64 Cfb ENF True

Continued on next page
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Sitename Period MI Clim. Veg. Evergreen Delayed GPP

DE-RuR 2012-2020 1.52 Cfb GRA False

DE-RuW 2013-2020 1.66 Cfb ENF True

DE-Tha 1997-2019
::::::::
2000-2019

:
1.18 Cfb ENF True

DK-Sor 1997-2012
::::::::
2000-2012

:
1.75 Cfb DBF False

ES-Abr 2016-2020 0.35 Csa SAV False

ES-Agu 2007-2013 0.28 BSk OSH False

ES-LJu 2006-2015 0.72 Csa OSH False

ES-LM1 2015-2020 0.54 Csa SAV False

ES-LM2 2015-2020 0.51 Csa SAV False

FI-Hyy 1997-2016
::::::::
2000-2016

:
1.27 Dfc ENF True False

FI-Let 2010-2020 1.29 Dfb ENF True

FI-Sod 2008-2014 1.74 Dfc ENF True

FI-Var 2016-2020 1.70 Dfc ENF True

FR-Bil 2015-2020 0.99 Cfb ENF True

FR-FBn 2009-2020 0.63 Csa MF False

FR-Fon 2006-2013 0.96 Cfb DBF False

FR-LBr 2003-2008 1.04 Cfb ENF True

FR-Pue 2001-2013 1.00 Csa EBF True

IL-Yat 2012-2020 0.18 BSh ENF True

IT-Col 2007-2014 1.29 Cfa DBF False

IT-Cpz 2001-2007 0.65 Csa EBF True

IT-Lav 2003-2020 1.41 Cfb ENF True

IT-Lsn 2016-2020 1.12 Cfa OSH False

IT-MBo 2004-2012 1.88 Dfb GRA False

IT-Noe 2005-2010 0.52 Csa CSH False IT-Ren 2001-2014 1.27 Dfc ENF True

IT-Ro1 2002-2006 0.84 Csa DBF False

IT-Ro2 2002-2007 0.77 Csa DBF False

IT-SR2 2013-2020 1.03 Csa ENF True IT-Tor 2009-2020 1.94 Dfc GRA False

NL-Loo 1997-2017
::::::::
2000-2017

:
1.07 Cfb ENF True False

RU-Fy2 2016-2020 0.96 Dfb ENF True

RU-Fyo 1999-2009
::::::::
2000-2009

:
0.93 Dfb ENF True False

SE-Htm 2015-2020 1.30 Cfb ENF True

SE-Nor 2014-2020 0.89 Dfb ENF True

SE-Ros 2015-2020 1.59 Dfc ENF True

US-BZS 2016-2020 0.75 Dfd ENF True

Continued on next page
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Sitename Period MI Clim. Veg. Evergreen Delayed GPP

US-Bar 2005-2017 1.54 Dfb DBF False

US-Blo 2001-2006 1.19 Csb ENF True

US-Fmf 2006-2010 0.51 Csb ENF True

US-GLE 2006-2019 1.73 Dfc ENF True

US-Ha1 1992-2020
::::::::
2000-2020

:
0.80 Dfb DBF False True

US-Ho2 2007-2017 1.06 Dfb ENF True

US-ICh 2010-2021 1.60 ET OSH False

US-ICt 2016-2020 1.31 ET OSH False

US-Jo1 2011-2016 0.19 BWk OSH False US-Jo2 2011-2020 0.23 BWk OSH False

US-KFS 2008-2019 0.66 Cfa GRA False

US-KLS 2013-2019 0.42 Cfa GRA False

US-MMS 1999-2020
::::::::
2000-2020

:
0.58 Cfa DBF False True

US-MOz 2007-2019 0.86 Cfa DBF False

US-Me2 2005-2010 0.64 Csb ENF True

US-Mpj 2009-2020 0.30 BSk WSA False

US-NR1 2000-2015 0.67 Dfc ENF True

US-PFa 1997-2014
::::::::
2000-2014

:
0.52 Dfb MF False True

US-Rms 2015-2019 0.51 BSh CSH False

US-Ro4 2015-2021 1.28 Dfa GRA False

US-Rwf 2015-2019 0.59 BSh CSH False

US-Rws 2015-2019 0.69 BSk OSH False

US-SRG 2009-2014 0.37 BSk GRA False

US-SRM 2005-2014 0.29 BSk WSA False

US-Seg 2007-2021 0.27 BSk GRA False

US-Ses 2008-2021 0.24 BSk OSH False

US-Syv 2002-2006 1.14 Dfb MF False

US-Ton 2002-2014 0.50 Csa WSA False

US-UMB 2000-2014 0.41 Dfb DBF False

US-UMd 2008-2021 1.21 Dfb DBF False

US-Var 2001-2020 0.65 Csa GRA False

US-WCr 2000-2005 1.08 Dfb DBF False

US-Whs 2009-2015 0.26 BSk OSH False

US-Wjs 2008-2021 0.29 BSk SAV False

US-Wkg 2005-2021 0.31 BSk GRA False
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Table B1.
:::::::
Overview

::
of

::
the

::::
data

::::::
sources

:::::::
Variable

:::::::::
Description

:::::
Source

::::
Main

:::::::::
experiments

:::
(all

::::::
models)

::::
GPP

:::::
Target

::::::
variable

:::::::::::::::::
(GPP_NT_VUT_REF)

::::::::::
PLUMBER2

:::
(flux

:::::
sites)

:::::::::
Meteorology

:

:::::::::
TA_F_MDS,

::::::::::::::::
TA_DAY_F_MDS,

:::::::::::::::
SW_IN_F_MDS,

:::::::::::::
LW_IN_F_MDS,

::::::::::::::::
VPD_DAY_F_MDS,

::::::
PA_F,

:::::
P_F,

:::::
WS_F

::::
Flux

:::
sites

:

:::::
fAPAR

:

:::::::
Absorbed

::::
solar

:::::::
radiation

::::::
MODIS

::::::::::
MCD15A2H

::::::
(500 m,

:::::
8-day)

::::::
MODIS

::::::::
reflectance

:::::
bands

:
+
::::
LST

::::
RED,

:::::::
NIR,

:::::::::
BLUE,

::::::::::
GREEN,

::::::::::
SWIR1,

::::::
SWIR2,

::::::::::
SWIR3,

::::::::::::::::::::::::
LST_TERRA_Day_VZA0,

:::::::::::::::::::::
LST_TERRA_Night_VZA0

::::::::
FluxnetEO

:

::::::::
Additional

::::::::
predictors

:::
Soil

:::::::
moisture

:::::::
Modelled

:::
soil

::::
water

:::::::::
availability

:::::::
SPLASH

::::
water

::::::
balance

:::::
model

:

::::
Water

::::::
holding

:::::::
capacity

::::
Root

:::
zone

::::::
storage

::::::
Stocker

:
et
:::
al.

:::::
(2023)

:::
Site

::::::
features

:::::::
Moisture

::::
index

::::
(MI)

:::::
P/PET

:::::::
SPLASH

:::::
model

:
+
:::
site

::::::::::
precipitation

::::::::
Vegetation

:::
type

:

::::
IGBP

:

:::::::::
International

::::::::::::::::
Geosphere-Biosphere

:::::::::
Programme

:

::::::
Climate

::::
zone

:::::::::::
Köppen-Geiger

::::::
climate

::::
zone

::::::::::::::
Beck et al. (2018)

Table B2.
:::::::
Overview

::
of

::
the

::::::::::
implemented

::::::
models.

:::::
Model

:::
Key

::::::::::
components

::::::::::::
Implementation

:::::
LSTM

:::::
LSTM

::::
cells

:::
with

:::::::::
LayerNorm

::
+

::::
linear

:::::
layers

::::
(until

:::
16

::::
units)

: ::::::
PyTorch

:

::::
MLP

:::::
Linear

:::::
layers

:::
only

:::::
(until

::
16

::::
units)

: ::::::
PyTorch

:

::::::::
LSTMperm ::::

Same
::
as

::::::
LSTM,

:::::::
permuted

::::
input

: ::::::
PyTorch

:

::::::
P-model

: :::::
FvCB

:::::::::::
photosynthesis,

:::
soil

:::::::
moisture

::::
stress

: :
R
:::::::
(rsofun)

Appendix B:
:::::::
Methods

::::::
details550

Appendix C:
::::::::
Sequence

::::::
models
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Table B3.
::::::::::::
Cross-validation

:::
and

::::::
training

:::::
setups.

:::::
Global

:::::
model

:::::::
(Spatial

:::
CV)

:::::::::
Site-specific

:::::
model

:::::::::
(Temporal

:::
CV)

::::
Data

:::
split

: :
5
:::::
folds,

::::::
stratified

:::
by

::::
mean

::::::::::
TA_F_MDS,

::
MI

: ::::
Years

:::
per

:::
site,

::::::
started

:
at
::::::::::::
coldest/wettest

:::::
month

::::
Inner

:::
CV

::::
3-fold

:::
(20

:::::::::::
configurations)

: :
5
::::::
held-out

:::::
years

::
(40

::::::::::::
configurations)

::::::
Training

::::
size

:::
128

::::
days,

:::
32

:::
days

::::::
overlap

: ::
128

::::
days,

:::
32

:::
days

::::::
overlap

:

::::
Early

:::::::
stopping

:::
Max

::
50

::::::
epochs,

:::::::
patience

::
10

:::
Max

::
50

::::::
epochs,

:::::::
patience

::
10

::::::::
Evaluation

::
R2,

::::::
RMSE,

::::
bias,

::
%

::::
error

::
R2,

::::::
RMSE,

::::
bias,

::
%

::::
error

Figure C1.
:::::::::
Comparison

::
of

::
the

::::::
LSTM

:::::
against

:::
the

::::
TCN

:::
(a)

:::
and

:::::
against

:::
the

:::::::::::::
LSTM+attention

:::
(b).

::
R2

::
of
::::::::
predicted

:::::
versus

:::::::
observed

:::::
values

::
of

::::
daily

:::
GPP

:::
per

:::
site

::::
from

:::
the

:::::
global

::::::::::::
cross-validation

:
is
:::::
shown

:::
for

::
the

::::::
LSTM

::::
along

:::
the

:::::
y-axis

:::
and

::
the

:::::::::::::::::
TCN/LSTM+attention

:::::
along

::
the

::::::
x-axis.

:::
The

:::::
dotted

:::
line

:::::::
indicates

::::
equal

::::::::::
performance.

:::
We

::::::::
evaluated

:::
two

:::::::::
additional

:::::::
sequence

:::::::
models

:::::
using

:::
the

:::::
global

::::::
model

:::::
setup.

::::::::
Temporal

:::::::::::::
Convolutional

::::::::
Network.

:::
We

:::::::::::
implemented

:
a
::::::::
Temporal

::::::::::::
Convolutional

:::::::
Network

::::::
(TCN)

::::::::
following

::::::::::::::
Bai et al. (2018)

:
.
::::::
Similar

::
to

:::
the

::::::
LSTM,

:::
we

::::
used

::::::
GELU

:::::::::
activations

::::::::::::::::::::::::::
(Hendrycks and Gimpel, 2023)

:::
and

::::::::::
LayerNorm

:::::::::::::
(Ba et al., 2016)

:
.

::::::::::::::
LSTM+attention

:
.
:::
We

::::
also

:::::::::::
implemented

::
a
::::::
second

:::::::
version

::
of

:::
the

::::::
LSTM

::::
that

::::
uses

::
a
:::::::::
multi-head

:::
(8)

::::::::
attention

::::::::::
mechanism555

::::::::::::::::::
(Vaswani et al., 2017)

::::
with

:::
two

:::::
linear

:::::
layers

:::::
after

::
the

::::::
LSTM

:::::
layer.

:
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Figure C2.
:::
The

:::::
model

:::
bias

:::
per

:::
day

::::::
before

:::
and

::::
after

:::
the

:::
start

::
of
:::::::

drought
:::::
events

::
for

:::::
three

:::::::
sequence

::::::
models.

::::
The

:::
bias

::
is

::::::::
calculated

::
as

:::
the

:::::::
difference

:::::::
between

:::::
model

:::::::::
predictions

:::
and

::::::::::
observations.

:::
The

::::
bias

::
is

::::::::
normalised

::::
with

::::::
respect

::
to

::
the

::::::
median

:::::
value

:::::
during

:::
the

:
1
::

to
:::

10
::::
days

:::::
before

:::
each

:::::
event

::::
onset.

::::::
Shaded

::::
areas

::::
mark

:::
the

:::
area

:::::::
between

:::
the

:::
33%

:::
and

::::
66%

:::::::
quartiles.

Figure D1.
::::::
Number

::
of

:::
sites

::
as
::::
well

::
as

:::::::
sequence

::::::
lengths

:::
per

:::
site

::
for

:::::::
different

::::
levels

::
of
:::

the
:::::::
moisture

:::::
index.

:::
The

::::::
number

::
of

::::
sites

:::
are

::::::
counted

::
per

:::
bin

::
of

:::::
width

::
0.2

::
of

:::
the

:::::::
moisture

::::
index.

Appendix D:
:::::::::
Additional

::::::
figures

Author contributions. SB implemented the methods and wrote the first draft of the paper. BDS processed part of the eddy covariance data.

All authors developed the study, discussed the analyses and contributed to writing the paper.
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Figure D2.
::
The

:::::::::
distribution

::
of

::::::::::
performance

::::::
metrics

::
for

::::
sites

::::
with

:
a
:::::::
moisture

::::
index

:::::
below

::::
0.75,

:::
and

::::
sites

:::
with

::
a
::::::
moisture

:::::
index

:::::
above

::::
0.75.

:::
The

::::::::
individual

:::::
values

:
as
::::

well
::
as

:::
box

::::
plots

:::
are

:::::
shown.

Competing interests. The authors declare no competing interests.560

Acknowledgements.
:::
We

::::
thank

:::::::
Piersilvio

:::
De

::::::::::
Bartolomeis,

::::::::
Alexandru

:::::::
Meterez,

::::
Zixin

::::
Shu

:::
and

:::::
Josefa

::::
Arán

::::::
Paredes

::
for

::::
their

::::::::
assistance

::::
with

::::
early

::::::::
exploratory

:::::
work

:::
and

::::
code

:::::::::
development

:::
that

:::::::
provided

::::
input

::
to
:::
the

::::::::::
development

::
of

:::
this

::::
work.

:
Samantha Biegel acknowledges support

from the ETH AI Center.

31



References

Abramowitz, G., Ukkola, A., Hobeichi, S., Cranko Page, J., Lipson, M., De Kauwe, M. G., Green, S., Brenner, C., Frame, J., Nearing, G.,565

Clark, M., Best, M., Anthoni, P., Arduini, G., Boussetta, S., Caldararu, S., Cho, K., Cuntz, M., Fairbairn, D., Ferguson, C. R., Kim, H., Kim,

Y., Knauer, J., Lawrence, D., Luo, X., Malyshev, S., Nitta, T., Ogee, J., Oleson, K., Ottlé, C., Peylin, P., de Rosnay, P., Rumbold, H., Su,

B., Vuichard, N., Walker, A. P., Wang-Faivre, X., Wang, Y., and Zeng, Y.: On the predictability of turbulent fluxes from land: PLUMBER2

MIP experimental description and preliminary results, Biogeosciences, 21, 5517–5538, https://doi.org/10.5194/bg-21-5517-2024, 2024.

AmeriFlux: https://ameriflux.lbl.gov/, last accessed 27/01/2025.570

Anderegg, W. R. L., Konings, A. G., Trugman, A. T., Yu, K., Bowling, D. R., Gabbitas, R., Karp, D. S., Pacala, S., Sperry, J. S.,

Sulman, B. N., and Zenes, N.: Hydraulic diversity of forests regulates ecosystem resilience during drought, Nature, 561, 538–541,

https://doi.org/10.1038/s41586-018-0539-7, 2018.

Ba, J. L., Kiros, J. R., and Hinton, G. E.: Layer Normalization, arXiv:1607.06450, https://doi.org/10.48550/arXiv.1607.06450, 2016.

Bai, S., Kolter, J. Z., and Koltun, V.: An Empirical Evaluation of Generic Convolutional and Recurrent Networks for Sequence Modeling,575

https://doi.org/10.48550/arXiv.1803.01271, 2018.

Baldocchi, D. D.: Must we incorporate soil moisture information when applying light use efficiency models with satellite remote sensing

information?, New Phytologist, 218, 1293–1294, https://doi.org/10.1111/nph.15176, 2018.

Baldocchi, D. D.: How eddy covariance flux measurements have contributed to our understanding of Global Change Biology, Global Change

Biology, 26, 242–260, https://doi.org/10.1111/gcb.14807, 2020.580

Barber, J. and Andersson, B.: Too much of a good thing: light can be bad for photosynthesis, Trends in Biochemical Sciences, 17, 61–66,

https://doi.org/10.1016/0968-0004(92)90503-2, 1992.

Bastos, A., Ciais, P., Friedlingstein, P., Sitch, S., Pongratz, J., Fan, L., Wigneron, J. P., Weber, U., Reichstein, M., Fu, Z., Anthoni, P., Arneth,

A., Haverd, V., Jain, A. K., Joetzjer, E., Knauer, J., Lienert, S., Loughran, T., McGuire, P. C., Tian, H., Viovy, N., and Zaehle, S.: Direct

and seasonal legacy effects of the 2018 heat wave and drought on European ecosystem productivity, Science Advances, 6, eaba2724,585

https://doi.org/10.1126/sciadv.aba2724, 2020.

Beck, H. E., Zimmermann, N. E., McVicar, T. R., Vergopolan, N., Berg, A., and Wood, E. F.: Present and future Köppen-Geiger climate

classification maps at 1-km resolution, Scientific Data, 5, 180 214, https://doi.org/10.1038/sdata.2018.214, 2018.

Beer, C., Reichstein, M., Tomelleri, E., Ciais, P., Jung, M., Carvalhais, N., Rödenbeck, C., Arain, M. A., Baldocchi, D., Bonan, G. B.,

Bondeau, A., Cescatti, A., Lasslop, G., Lindroth, A., Lomas, M., Luyssaert, S., Margolis, H., Oleson, K. W., Roupsard, O., Veenendaal,590

E., Viovy, N., Williams, C., Woodward, F. I., and Papale, D.: Terrestrial Gross Carbon Dioxide Uptake: Global Distribution and Covariation

with Climate, Science, 329, 834–838, https://doi.org/10.1126/science.1184984, 2010.

Bernacchi, C. J., PimenTEL, C., and Long, S. P.: In vivo temperature response functions of parameters required to model RuBP-limited

photosynthesis, Plant, Cell & Environment, 26, 1419–1430, https://doi.org/10.1046/j.0016-8025.2003.01050.x, 2003.

Berry, J. and Bjorkman, O.: Photosynthetic Response and Adaptation to Temperature in Higher Plants, Annual Review of Plant Biology, 31,595

491–543, https://doi.org/10.1146/annurev.pp.31.060180.002423, 1980.

Besnard, S., Carvalhais, N., Arain, M. A., Black, A., Brede, B., Buchmann, N., Chen, J., Clevers, J. G. P. W., Dutrieux, L. P., Gans, F.,

Herold, M., Jung, M., Kosugi, Y., Knohl, A., Law, B. E., Paul-Limoges, E., Lohila, A., Merbold, L., Roupsard, O., Valentini, R., Wolf,

S., Zhang, X., and Reichstein, M.: Memory effects of climate and vegetation affecting net ecosystem CO2 fluxes in global forests, PLOS

ONE, 14, e0211 510, https://doi.org/10.1371/journal.pone.0211510, 2019.600

32

https://doi.org/10.5194/bg-21-5517-2024
https://doi.org/10.1038/s41586-018-0539-7
https://doi.org/10.48550/arXiv.1607.06450
https://doi.org/10.48550/arXiv.1803.01271
https://doi.org/10.1111/nph.15176
https://doi.org/10.1111/gcb.14807
https://doi.org/10.1016/0968-0004(92)90503-2
https://doi.org/10.1126/sciadv.aba2724
https://doi.org/10.1038/sdata.2018.214
https://doi.org/10.1126/science.1184984
https://doi.org/10.1046/j.0016-8025.2003.01050.x
https://doi.org/10.1146/annurev.pp.31.060180.002423
https://doi.org/10.1371/journal.pone.0211510


Biegel, S.: SamanthaBiegel/gpp-ml: v1, Zenodo, https://doi.org/10.5281/ZENODO.15236497, 2025.

Booth, B. B. B., Jones, C. D., Collins, M., Totterdell, I. J., Cox, P. M., Sitch, S., Huntingford, C., Betts, R. A., Harris, G. R., and

Lloyd, J.: High sensitivity of future global warming to land carbon cycle processes, Environmental Research Letters, 7, 024 002,

https://doi.org/10.1088/1748-9326/7/2/024002, 2012.

Ceccato, P., Flasse, S., Tarantola, S., Jacquemoud, S., and Grégoire, J.-M.: Detecting vegetation leaf water content using reflectance in the605

optical domain, Remote Sensing of Environment, 77, 22–33, https://doi.org/10.1016/S0034-4257(01)00191-2, 2001.

Choat, B., Jansen, S., Brodribb, T. J., Cochard, H., Delzon, S., Bhaskar, R., Bucci, S. J., Feild, T. S., Gleason, S. M., Hacke, U. G., Jacobsen,

A. L., Lens, F., Maherali, H., Martínez-Vilalta, J., Mayr, S., Mencuccini, M., Mitchell, P. J., Nardini, A., Pittermann, J., Pratt, R. B., Sperry,

J. S., Westoby, M., Wright, I. J., and Zanne, A. E.: Global convergence in the vulnerability of forests to drought, Nature, 491, 752–755,

https://doi.org/10.1038/nature11688, 2012.610

Chu, H., Luo, X., Ouyang, Z., Chan, W. S., Dengel, S., Biraud, S. C., Torn, M. S., Metzger, S., Kumar, J., Arain, M. A., Arkebauer, T. J., Bal-

docchi, D., Bernacchi, C., Billesbach, D., Black, T. A., Blanken, P. D., Bohrer, G., Bracho, R., Brown, S., Brunsell, N. A., Chen, J., Chen,

X., Clark, K., Desai, A. R., Duman, T., Durden, D., Fares, S., Forbrich, I., Gamon, J. A., Gough, C. M., Griffis, T., Helbig, M., Hollinger,

D., Humphreys, E., Ikawa, H., Iwata, H., Ju, Y., Knowles, J. F., Knox, S. H., Kobayashi, H., Kolb, T., Law, B., Lee, X., Litvak, M., Liu, H.,

Munger, J. W., Noormets, A., Novick, K., Oberbauer, S. F., Oechel, W., Oikawa, P., Papuga, S. A., Pendall, E., Prajapati, P., Prueger, J.,615

Quinton, W. L., Richardson, A. D., Russell, E. S., Scott, R. L., Starr, G., Staebler, R., Stoy, P. C., Stuart-Haëntjens, E., Sonnentag, O., Sulli-

van, R. C., Suyker, A., Ueyama, M., Vargas, R., Wood, J. D., and Zona, D.: Representativeness of Eddy-Covariance flux footprints for areas

surrounding AmeriFlux sites, Agricultural and Forest Meteorology, 301–302, 108 350, https://doi.org/10.1016/j.agrformet.2021.108350,

2021.

Davis, T. W., Prentice, I. C., Stocker, B. D., Thomas, R. T., Whitley, R. J., Wang, H., Evans, B. J., Gallego-Sala, A. V., Sykes, M. T., and620

Cramer, W.: Simple process-led algorithms for simulating habitats (SPLASH v.1.0): robust indices of radiation, evapotranspiration and

plant-available moisture, Geoscientific Model Development, 10, 689–708, https://doi.org/10.5194/gmd-10-689-2017, 2017.

Denissen, J. M. C., Teuling, A. J., Pitman, A. J., Koirala, S., Migliavacca, M., Li, W., Reichstein, M., Winkler, A. J., Zhan, C., and

Orth, R.: Widespread shift from ecosystem energy to water limitation with climate change, Nature Climate Change, 12, 677–684,

https://doi.org/10.1038/s41558-022-01403-8, 2022.625

Drought 2018 Team and ICOS Ecosystem Thematic Centre: Drought-2018 ecosystem eddy covariance flux product for 52 stations in

FLUXNET-Archive format, ICOS Carbon Portal, https://doi.org/doi:10.18160/YVR0-4898, 2020.

Fan, Y., Li, H., and Miguez-Macho, G.: Global Patterns of Groundwater Table Depth, Science, 339, 940–943,

https://doi.org/10.1126/science.1229881, 2013.

Fan, Y., Miguez-Macho, G., Jobbágy, E. G., Jackson, R. B., and Otero-Casal, C.: Hydrologic regulation of plant rooting depth, Proceedings630

of the National Academy of Sciences, 114, 10 572–10 577, https://doi.org/10.1073/pnas.1712381114, 2017.

Farquhar, G. D., von Caemmerer, S., and Berry, J. A.: A biochemical model of photosynthetic CO2 assimilation in leaves of C3 species,

Planta, 149, 78–90, https://doi.org/10.1007/BF00386231, 1980.

Fisher, J. B., Lee, B., Purdy, A. J., Halverson, G. H., Dohlen, M. B., Cawse-Nicholson, K., Wang, A., Anderson, R. G., Aragon, B., Arain,

M. A., Baldocchi, D. D., Baker, J. M., Barral, H., Bernacchi, C. J., Bernhofer, C., Biraud, S. C., Bohrer, G., Brunsell, N., Cappelaere,635

B., Castro-Contreras, S., Chun, J., Conrad, B. J., Cremonese, E., Demarty, J., Desai, A. R., De Ligne, A., Foltýnová, L., Goulden, M. L.,

Griffis, T. J., Grünwald, T., Johnson, M. S., Kang, M., Kelbe, D., Kowalska, N., Lim, J. H., Maïnassara, I., McCabe, M. F., Missik, J. E.,

Mohanty, B. P., Moore, C. E., Morillas, L., Morrison, R., Munger, J. W., Posse, G., Richardson, A. D., Russell, E. S., Ryu, Y., Sanchez-

33

https://doi.org/10.5281/ZENODO.15236497
https://doi.org/10.1088/1748-9326/7/2/024002
https://doi.org/10.1016/S0034-4257(01)00191-2
https://doi.org/10.1038/nature11688
https://doi.org/10.1016/j.agrformet.2021.108350
https://doi.org/10.5194/gmd-10-689-2017
https://doi.org/10.1038/s41558-022-01403-8
https://doi.org/doi:10.18160/YVR0-4898
https://doi.org/10.1126/science.1229881
https://doi.org/10.1073/pnas.1712381114
https://doi.org/10.1007/BF00386231


Azofeifa, A., Schmidt, M., Schwartz, E., Sharp, I., Šigut, L., Tang, Y., Hulley, G., Anderson, M., Hain, C., French, A., Wood, E., and

Hook, S.: ECOSTRESS: NASA’s Next Generation Mission to Measure Evapotranspiration From the International Space Station, Water640

Resources Research, 56, https://doi.org/10.1029/2019WR026058, 2020.

Fu, Z., Ciais, P., Wigneron, J.-P., Gentine, P., Feldman, A. F., Makowski, D., Viovy, N., Kemanian, A. R., Goll, D. S., Stoy, P. C., Prentice,

I. C., Yakir, D., Liu, L., Ma, H., Li, X., Huang, Y., Yu, K., Zhu, P., Li, X., Zhu, Z., Lian, J., and Smith, W. K.: Global critical soil moisture

thresholds of plant water stress, Nature Communications, 15, 4826, https://doi.org/10.1038/s41467-024-49244-7, 2024.

Gaber, M., Kang, Y., Schurgers, G., and Keenan, T.: Using automated machine learning for the upscaling of gross primary productivity,645

Biogeosciences, 21, 2447–2472, https://doi.org/10.5194/bg-21-2447-2024, 2024.

Gamon, J. A., Huemmrich, K. F., Wong, C. Y. S., Ensminger, I., Garrity, S., Hollinger, D. Y., Noormets, A., and Peñuelas, J.: A remotely

sensed pigment index reveals photosynthetic phenology in evergreen conifers, Proceedings of the National Academy of Sciences of the

United States of America, 113, 13 087–13 092, https://doi.org/10.1073/pnas.1606162113, 2016.

Giardina, F., Gentine, P., Konings, A. G., Seneviratne, S. I., and Stocker, B. D.: Diagnosing evapotranspiration responses to water deficit650

across biomes using deep learning, New Phytologist, 240, 968–983, https://doi.org/10.1111/nph.19197, 2023.

Hahm, W. J., Dralle, D. N., Rempe, D. M., Bryk, A. B., Thompson, S. E., Dawson, T. E., and Dietrich, W. E.: Low Subsurface Water Storage

Capacity Relative to Annual Rainfall Decouples Mediterranean Plant Productivity and Water Use From Rainfall Variability, Geophysical

Research Letters, 46, 6544–6553, https://doi.org/10.1029/2019GL083294, 2019.

Hendrycks, D. and Gimpel, K.: Gaussian Error Linear Units (GELUs), https://doi.org/10.48550/arXiv.1606.08415, 2023.655

Hinton, G. E., Srivastava, N., Krizhevsky, A., Sutskever, I., and Salakhutdinov, R. R.: Improving neural networks by preventing co-adaptation

of feature detectors, arXiv:1207.0580, https://doi.org/10.48550/arXiv.1207.0580, 2012.

Hochreiter, S. and Schmidhuber, J.: Long Short-term Memory, Neural computation, 9, 1735–80, https://doi.org/10.1162/neco.1997.9.8.1735,

1997.

Hufkens, K. and Stocker, B.: FluxDataKit v3.4.2: A comprehensive data set of ecosystem fluxes for land surface modelling,660

https://doi.org/10.5281/zenodo.14808331, 2025.

ICOS: https://www.icos-cp.eu/, last accessed 27/01/2025.

Isaac, P., Cleverly, J., McHugh, I., van Gorsel, E., Ewenz, C., and Beringer, J.: OzFlux data: network integration from collection to curation,

Biogeosciences, 14, 2903–2928, https://doi.org/10.5194/bg-14-2903-2017, 2017.

Joiner, J. and Yoshida, Y.: Satellite-based reflectances capture large fraction of variability in global gross primary production (GPP) at weekly665

time scales, Agricultural and Forest Meteorology, 291, 108 092, https://doi.org/10.1016/j.agrformet.2020.108092, 2020.

Joshi, J., Stocker, B. D., Hofhansl, F., Zhou, S., Dieckmann, U., and Prentice, I. C.: Towards a unified theory of plant photosynthesis and

hydraulics, Nature Plants, 8, 1304–1316, https://doi.org/10.1038/s41477-022-01244-5, 2022.

Jung, M., Reichstein, M., Margolis, H. A., Cescatti, A., Richardson, A. D., Arain, M. A., Arneth, A., Bernhofer, C., Bonal, D., Chen, J.,

Gianelle, D., Gobron, N., Kiely, G., Kutsch, W., Lasslop, G., Law, B. E., Lindroth, A., Merbold, L., Montagnani, L., Moors, E. J., Papale,670

D., Sottocornola, M., Vaccari, F., and Williams, C.: Global patterns of land-atmosphere fluxes of carbon dioxide, latent heat, and sensible

heat derived from eddy covariance, satellite, and meteorological observations, Journal of Geophysical Research: Biogeosciences, 116,

G00J07, https://doi.org/10.1029/2010JG001566, 2011.

Kang, Y., Gaber, M., Bassiouni, M., Lu, X., and Keenan, T.: CEDAR-GPP: spatiotemporally upscaled estimates of gross primary productivity

incorporating CO 2 fertilization, Earth System Science Data Discussions [preprint], https://doi.org/10.5194/essd-2023-337, 2023.675

34

https://doi.org/10.1029/2019WR026058
https://doi.org/10.1038/s41467-024-49244-7
https://doi.org/10.5194/bg-21-2447-2024
https://doi.org/10.1073/pnas.1606162113
https://doi.org/10.1111/nph.19197
https://doi.org/10.1029/2019GL083294
https://doi.org/10.48550/arXiv.1606.08415
https://doi.org/10.48550/arXiv.1207.0580
https://doi.org/10.1162/neco.1997.9.8.1735
https://doi.org/10.5281/zenodo.14808331
https://doi.org/10.5194/bg-14-2903-2017
https://doi.org/10.1016/j.agrformet.2020.108092
https://doi.org/10.1038/s41477-022-01244-5
https://doi.org/10.1029/2010JG001566
https://doi.org/10.5194/essd-2023-337


Kannenberg, S. A., Anderegg, W. R. L., Barnes, M. L., Dannenberg, M. P., and Knapp, A. K.: Dominant role of soil moisture in mediating

carbon and water fluxes in dryland ecosystems, Nature Geoscience, 17, 38–43, https://doi.org/10.1038/s41561-023-01351-8, 2024.

Kattge, J. and Knorr, W.: Temperature acclimation in a biochemical model of photosynthesis: a reanalysis of data from 36 species, Plant,

Cell & Environment, 30, 1176–1190, https://doi.org/10.1111/j.1365-3040.2007.01690.x, 2007.

Kingma, D. P. and Ba, J.: Adam: A Method for Stochastic Optimization, arXiv:1412.6980, https://doi.org/10.48550/arXiv.1412.6980, 2017.680

Konings, A. G. and Gentine, P.: Global variations in ecosystem-scale isohydricity, Global Change Biology, 23, 891–905,

https://doi.org/10.1111/gcb.13389, 2017.

Kraft, B., Nelson, J. A., Walther, S., Gans, F., Weber, U., Duveiller, G., Reichstein, M., Zhang, W., Rußwurm, M., Tuia, D., Körner, M.,

Hamdi, Z. M., and Jung, M.: On the added value of sequential deep learning for upscaling evapotranspiration, EGUsphere [preprint],

https://doi.org/10.5194/egusphere-2024-2896, 2024.685

Kratzert, F., Klotz, D., Brenner, C., Schulz, K., and Herrnegger, M.: Rainfall–runoff modelling using Long Short-Term Memory (LSTM)

networks, Hydrology and Earth System Sciences, 22, 6005–6022, https://doi.org/10.5194/hess-22-6005-2018, 2018.

Kumarathunge, D. P., Medlyn, B. E., Drake, J. E., Tjoelker, M. G., Aspinwall, M. J., Battaglia, M., Cano, F. J., Carter, K. R., Cavaleri, M. A.,

Cernusak, L. A., Chambers, J. Q., Crous, K. Y., De Kauwe, M. G., Dillaway, D. N., Dreyer, E., Ellsworth, D. S., Ghannoum, O., Han,

Q., Hikosaka, K., Jensen, A. M., Kelly, J. W. G., Kruger, E. L., Mercado, L. M., Onoda, Y., Reich, P. B., Rogers, A., Slot, M., Smith,690

N. G., Tarvainen, L., Tissue, D. T., Togashi, H. F., Tribuzy, E. S., Uddling, J., Vårhammar, A., Wallin, G., Warren, J. M., and Way, D. A.:

Acclimation and adaptation components of the temperature dependence of plant photosynthesis at the global scale, New Phytologist, 222,

768–784, https://doi.org/10.1111/nph.15668, 2019.

LaThuile: La Thuile Synthesis Dataset, https://fluxnet.org/data/la-thuile-dataset/, last accessed 27/01/2025.

Li, X., Xiao, J., He, B., Altaf Arain, M., Beringer, J., Desai, A. R., Emmel, C., Hollinger, D. Y., Krasnova, A., Mammarella, I., Noe,695

S. M., Ortiz, P. S., Rey-Sanchez, A. C., Rocha, A. V., and Varlagin, A.: Solar-induced chlorophyll fluorescence is strongly correlated with

terrestrial photosynthesis for a wide variety of biomes: First global analysis based on OCO-2 and flux tower observations, Global Change

Biology, 24, 3990–4008, https://doi.org/10.1111/gcb.14297, 2018.

Liu, G., Migliavacca, M., Reimers, C., Kraft, B., Reichstein, M., Richardson, A. D., Wingate, L., Delpierre, N., Yang, H., and Winkler, A. J.:

DeepPhenoMem V1.0: deep learning modelling of canopy greenness dynamics accounting for multi-variate meteorological memory700

effects on vegetation phenology, Geoscientific Model Development, 17, 6683–6701, https://doi.org/10.5194/gmd-17-6683-2024, 2024a.

Liu, J., Ryu, Y., Luo, X., Dechant, B., Stocker, B. D., Keenan, T. F., Gentine, P., Li, X., Li, B., Harrison, S. P., and Prentice, I. C.: Evidence for

widespread thermal acclimation of canopy photosynthesis, Nature Plants, 10, 1919–1927, https://doi.org/10.1038/s41477-024-01846-1,

2024b.

Ludwig, M., Moreno-Martinez, A., Hölzel, N., Pebesma, E., and Meyer, H.: Assessing and improving the transferability of current global705

spatial prediction models, Global Ecology and Biogeography, 32, 356–368, https://doi.org/10.1111/geb.13635, 2023.

Luo, X. and Keenan, T. F.: Global evidence for the acclimation of ecosystem photosynthesis to light, Nature Ecology & Evolution, 4,

1351–1357, https://doi.org/10.1038/s41559-020-1258-7, 2020.

Luo, Y., Gessler, A., D’Odorico, P., Hufkens, K., and Stocker, B. D.: Quantifying effects of cold acclimation and delayed springtime photo-

synthesis resumption in northern ecosystems, New Phytologist, 240, 984–1002, https://doi.org/10.1111/nph.19208, 2023.710

Maire, V., Martre, P., Kattge, J., Gastal, F., Esser, G., Fontaine, S., and Soussana, J.-F.: The Coordination of Leaf Photosynthesis Links C and

N Fluxes in C3 Plant Species, PLOS ONE, 7, e38 345, https://doi.org/10.1371/journal.pone.0038345, 2012.

35

https://doi.org/10.1038/s41561-023-01351-8
https://doi.org/10.1111/j.1365-3040.2007.01690.x
https://doi.org/10.48550/arXiv.1412.6980
https://doi.org/10.1111/gcb.13389
https://doi.org/10.5194/egusphere-2024-2896
https://doi.org/10.5194/hess-22-6005-2018
https://doi.org/10.1111/nph.15668
https://doi.org/10.1111/gcb.14297
https://doi.org/10.5194/gmd-17-6683-2024
https://doi.org/10.1038/s41477-024-01846-1
https://doi.org/10.1111/geb.13635
https://doi.org/10.1038/s41559-020-1258-7
https://doi.org/10.1111/nph.19208
https://doi.org/10.1371/journal.pone.0038345


McCormick, E. L., Dralle, D. N., Hahm, W. J., Tune, A. K., Schmidt, L. M., Chadwick, K. D., and Rempe, D. M.: Widespread woody plant

use of water stored in bedrock, Nature, 597, 225–229, https://doi.org/10.1038/s41586-021-03761-3, 2021.

McDowell, N. G., Sapes, G., Pivovaroff, A., Adams, H. D., Allen, C. D., Anderegg, W. R., Arend, M., Breshears, D. D., Brodribb, T., Choat,715

B., Cochard, H., De Cáceres, M., De Kauwe, M. G., Grossiord, C., Hammond, W. M., Hartmann, H., Hoch, G., Kahmen, A., Klein, T.,

Mackay, D. S., Mantova, M., Martínez-Vilalta, J., Medlyn, B. E., Mencuccini, M., Nardini, A., Oliveira, R. S., Sala, A., Tissue, D. T.,

Torres-Ruiz, J. M., Trowbridge, A. M., Trugman, A. T., Wiley, E., and Xu, C.: Mechanisms of woody-plant mortality under rising drought,

CO2 and vapour pressure deficit, Nature Reviews Earth and Environment, 3, 294–308, https://doi.org/10.1038/s43017-022-00272-1, 2022.

Meyer, H. and Pebesma, E.: Machine learning-based global maps of ecological variables and the challenge of assessing them, Nature Com-720

munications, 13, 2208, https://doi.org/10.1038/s41467-022-29838-9, 2022.

Monteith, J. L.: Solar Radiation and Productivity in Tropical Ecosystems, Journal of Applied Ecology, 9, 747–766,

https://doi.org/10.2307/2401901, 1972.

Montero, D., Mahecha, M. D., Martinuzzi, F., Aybar, C., Klosterhalfen, A., Knohl, A., Koebsch, F., Anaya, J., and Wieneke, S.: Recurrent

Neural Networks for Modelling Gross Primary Production, arXiv:2404.12745, https://doi.org/10.48550/arXiv.2404.12745, 2024.725

Myneni, R., Knyazikhin, Y., and Park, T.: MODIS/Terra+Aqua Leaf Area Index/FPAR 8-Day L4 Global 500m SIN Grid V061,

https://doi.org/10.5067/MODIS/MCD15A2H.061, 2021.

Nakagawa, R., Chau, M., Calzaretta, J., Keenan, T., Vahabi, P., Todeschini, A., Bassiouni, M., and Kang, Y.: Upscaling Global Hourly GPP

with Temporal Fusion Transformer (TFT), arXiv:2306.13815, https://doi.org/10.48550/arXiv.2306.13815, 2023.

Nelson, J. A., Walther, S., Gans, F., Kraft, B., Weber, U., Novick, K., Buchmann, N., Migliavacca, M., Wohlfahrt, G., Šigut, L., Ibrom, A.,730

Papale, D., Göckede, M., Duveiller, G., Knohl, A., Hörtnagl, L., Scott, R. L., Zhang, W., Hamdi, Z. M., Reichstein, M., Aranda-Barranco,

S., Ardö, J., Op de Beeck, M., Billesbach, D., Bowling, D., Bracho, R., Brümmer, C., Camps-Valls, G., Chen, S., Cleverly, J. R., Desai, A.,

Dong, G., El-Madany, T. S., Euskirchen, E. S., Feigenwinter, I., Galvagno, M., Gerosa, G. A., Gielen, B., Goded, I., Goslee, S., Gough,

C. M., Heinesch, B., Ichii, K., Jackowicz-Korczynski, M. A., Klosterhalfen, A., Knox, S., Kobayashi, H., Kohonen, K.-M., Korkiakoski,

M., Mammarella, I., Gharun, M., Marzuoli, R., Matamala, R., Metzger, S., Montagnani, L., Nicolini, G., O’Halloran, T., Ourcival, J.-M.,735

Peichl, M., Pendall, E., Ruiz Reverter, B., Roland, M., Sabbatini, S., Sachs, T., Schmidt, M., Schwalm, C. R., Shekhar, A., Silberstein,

R., Silveira, M. L., Spano, D., Tagesson, T., Tramontana, G., Trotta, C., Turco, F., Vesala, T., Vincke, C., Vitale, D., Vivoni, E. R., Wang,

Y., Woodgate, W., Yepez, E. A., Zhang, J., Zona, D., and Jung, M.: X-BASE: the first terrestrial carbon and water flux products from

an extended data-driven scaling framework, FLUXCOM-X, Biogeosciences, 21, 5079–5115, https://doi.org/10.5194/bg-21-5079-2024,

2024.740

Novick, K. A., Ficklin, D. L., Stoy, P. C., Williams, C. A., Bohrer, G., Oishi, A. C., Papuga, S. A., Blanken, P. D., Noormets, A., Sulman,

B. N., Scott, R. L., Wang, L., and Phillips, R. P.: The increasing importance of atmospheric demand for ecosystem water and carbon fluxes,

Nature Climate Change, 6, 1023–1027, https://doi.org/10.1038/nclimate3114, 2016.

OzFlux: https://www.ozflux.org.au/, last accessed 27/01/2025.

Papale, D., Black, T. A., Carvalhais, N., Cescatti, A., Chen, J., Jung, M., Kiely, G., Lasslop, G., Mahecha, M. D., Margolis, H., Merbold,745

L., Montagnani, L., Moors, E., Olesen, J. E., Reichstein, M., Tramontana, G., van Gorsel, E., Wohlfahrt, G., and Ráduly, B.: Effect of

spatial sampling from European flux towers for estimating carbon and water fluxes with artificial neural networks, Journal of Geophysical

Research: Biogeosciences, 120, 1941–1957, https://doi.org/10.1002/2015JG002997, 2015.

Pastorello, G., Trotta, C., Canfora, E., Chu, H., Christianson, D., Cheah, Y.-W., Poindexter, C., Chen, J., Elbashandy, A., Humphrey, M.,

Isaac, P., Polidori, D., Reichstein, M., Ribeca, A., van Ingen, C., Vuichard, N., Zhang, L., Amiro, B., Ammann, C., Arain, M. A., Ardö, J.,750

36

https://doi.org/10.1038/s41586-021-03761-3
https://doi.org/10.1038/s43017-022-00272-1
https://doi.org/10.1038/s41467-022-29838-9
https://doi.org/10.2307/2401901
https://doi.org/10.48550/arXiv.2404.12745
https://doi.org/10.5067/MODIS/MCD15A2H.061
https://doi.org/10.48550/arXiv.2306.13815
https://doi.org/10.5194/bg-21-5079-2024
https://doi.org/10.1038/nclimate3114
https://doi.org/10.1002/2015JG002997


Arkebauer, T., Arndt, S. K., Arriga, N., Aubinet, M., Aurela, M., Baldocchi, D., Barr, A., Beamesderfer, E., Marchesini, L. B., Bergeron,

O., Beringer, J., Bernhofer, C., Berveiller, D., Billesbach, D., Black, T. A., Blanken, P. D., Bohrer, G., Boike, J., Bolstad, P. V., Bonal, D.,

Bonnefond, J.-M., Bowling, D. R., Bracho, R., Brodeur, J., Brümmer, C., Buchmann, N., Burban, B., Burns, S. P., Buysse, P., Cale, P.,

Cavagna, M., Cellier, P., Chen, S., Chini, I., Christensen, T. R., Cleverly, J., Collalti, A., Consalvo, C., Cook, B. D., Cook, D., Coursolle, C.,

Cremonese, E., Curtis, P. S., D’Andrea, E., da Rocha, H., Dai, X., Davis, K. J., Cinti, B. D., de Grandcourt, A., Ligne, A. D., De Oliveira,755

R. C., Delpierre, N., Desai, A. R., Di Bella, C. M., di Tommasi, P., Dolman, H., Domingo, F., Dong, G., Dore, S., Duce, P., Dufrêne,

E., Dunn, A., Dušek, J., Eamus, D., Eichelmann, U., ElKhidir, H. A. M., Eugster, W., Ewenz, C. M., Ewers, B., Famulari, D., Fares, S.,

Feigenwinter, I., Feitz, A., Fensholt, R., Filippa, G., Fischer, M., Frank, J., Galvagno, M., Gharun, M., Gianelle, D., Gielen, B., Gioli, B.,

Gitelson, A., Goded, I., Goeckede, M., Goldstein, A. H., Gough, C. M., Goulden, M. L., Graf, A., Griebel, A., Gruening, C., Grünwald,

T., Hammerle, A., Han, S., Han, X., Hansen, B. U., Hanson, C., Hatakka, J., He, Y., Hehn, M., Heinesch, B., Hinko-Najera, N., Hörtnagl,760

L., Hutley, L., Ibrom, A., Ikawa, H., Jackowicz-Korczynski, M., Janouš, D., Jans, W., Jassal, R., Jiang, S., Kato, T., Khomik, M., Klatt,

J., Knohl, A., Knox, S., Kobayashi, H., Koerber, G., Kolle, O., Kosugi, Y., Kotani, A., Kowalski, A., Kruijt, B., Kurbatova, J., Kutsch,

W. L., Kwon, H., Launiainen, S., Laurila, T., Law, B., Leuning, R., Li, Y., Liddell, M., Limousin, J.-M., Lion, M., Liska, A. J., Lohila,

A., López-Ballesteros, A., López-Blanco, E., Loubet, B., Loustau, D., Lucas-Moffat, A., Lüers, J., Ma, S., Macfarlane, C., Magliulo, V.,

Maier, R., Mammarella, I., Manca, G., Marcolla, B., Margolis, H. A., Marras, S., Massman, W., Mastepanov, M., Matamala, R., Matthes,765

J. H., Mazzenga, F., McCaughey, H., McHugh, I., McMillan, A. M. S., Merbold, L., Meyer, W., Meyers, T., Miller, S. D., Minerbi, S.,

Moderow, U., Monson, R. K., Montagnani, L., Moore, C. E., Moors, E., Moreaux, V., Moureaux, C., Munger, J. W., Nakai, T., Neirynck,

J., Nesic, Z., Nicolini, G., Noormets, A., Northwood, M., Nosetto, M., Nouvellon, Y., Novick, K., Oechel, W., Olesen, J. E., Ourcival,

J.-M., Papuga, S. A., Parmentier, F.-J., Paul-Limoges, E., Pavelka, M., Peichl, M., Pendall, E., Phillips, R. P., Pilegaard, K., Pirk, N.,

Posse, G., Powell, T., Prasse, H., Prober, S. M., Rambal, S., Rannik, Ü., Raz-Yaseef, N., Rebmann, C., Reed, D., de Dios, V. R., Restrepo-770

Coupe, N., Reverter, B. R., Roland, M., Sabbatini, S., Sachs, T., Saleska, S. R., Sánchez-Cañete, E. P., Sanchez-Mejia, Z. M., Schmid,

H. P., Schmidt, M., Schneider, K., Schrader, F., Schroder, I., Scott, R. L., Sedlák, P., Serrano-Ortíz, P., Shao, C., Shi, P., Shironya, I.,

Siebicke, L., Šigut, L., Silberstein, R., Sirca, C., Spano, D., Steinbrecher, R., Stevens, R. M., Sturtevant, C., Suyker, A., Tagesson, T.,

Takanashi, S., Tang, Y., Tapper, N., Thom, J., Tomassucci, M., Tuovinen, J.-P., Urbanski, S., Valentini, R., van der Molen, M., van Gorsel,

E., van Huissteden, K., Varlagin, A., Verfaillie, J., Vesala, T., Vincke, C., Vitale, D., Vygodskaya, N., Walker, J. P., Walter-Shea, E., Wang,775

H., Weber, R., Westermann, S., Wille, C., Wofsy, S., Wohlfahrt, G., Wolf, S., Woodgate, W., Li, Y., Zampedri, R., Zhang, J., Zhou, G.,

Zona, D., Agarwal, D., Biraud, S., Torn, M., and Papale, D.: The FLUXNET2015 dataset and the ONEFlux processing pipeline for eddy

covariance data, Scientific Data, 7, 225, https://doi.org/10.1038/s41597-020-0534-3, 2020.

Pelletier, J. D., Broxton, P. D., Hazenberg, P., Zeng, X., Troch, P. A., Niu, G.-Y., Williams, Z., Brunke, M. A., and Gochis, D.: A gridded

global data set of soil, intact regolith, and sedimentary deposit thicknesses for regional and global land surface modeling, Journal of780

Advances in Modeling Earth Systems, 8, 41–65, https://doi.org/10.1002/2015MS000526, 2016.

Peng, J., Tang, J., Xie, S., Wang, Y., Liao, J., Chen, C., Sun, C., Mao, J., Zhou, Q., and Niu, S.: Evidence for the acclimation of ecosystem

photosynthesis to soil moisture, Nature Communications, 15, 9795, https://doi.org/10.1038/s41467-024-54156-7, 2024.

Prentice, I. C., Dong, N., Gleason, S. M., Maire, V., and Wright, I. J.: Balancing the costs of carbon gain and water transport: testing a new

theoretical framework for plant functional ecology, Ecology Letters, 17, 82–91, https://doi.org/10.1111/ele.12211, 2014.785

Priestley, C. H. B. and Taylor, R. J.: On the Assessment of Surface Heat Flux and Evaporation Using Large-Scale Parameters, Monthly

Weather Review, 100, 81–92, https://doi.org/10.1175/1520-0493(1972)100<0081:OTAOSH>2.3.CO;2, 1972.

37

https://doi.org/10.1038/s41597-020-0534-3
https://doi.org/10.1002/2015MS000526
https://doi.org/10.1038/s41467-024-54156-7
https://doi.org/10.1111/ele.12211
https://doi.org/10.1175/1520-0493(1972)100%3C0081:OTAOSH%3E2.3.CO;2


Reichstein, M., Falge, E., Baldocchi, D., Papale, D., Aubinet, M., Berbigier, P., Bernhofer, C., Buchmann, N., Gilmanov, T., Granier, A.,

Grünwald, T., Havránková, K., Ilvesniemi, H., Janous, D., Knohl, A., Laurila, T., Lohila, A., Loustau, D., Matteucci, G., Meyers, T.,

Miglietta, F., Ourcival, J.-M., Pumpanen, J., Rambal, S., Rotenberg, E., Sanz, M., Tenhunen, J., Seufert, G., Vaccari, F., Vesala, T., Yakir,790

D., and Valentini, R.: On the separation of net ecosystem exchange into assimilation and ecosystem respiration: review and improved

algorithm, Global Change Biology, 11, 1424–1439, https://doi.org/10.1111/j.1365-2486.2005.001002.x, 2005.

Reichstein, M., Bahn, M., Ciais, P., Frank, D., Mahecha, M. D., Seneviratne, S. I., Zscheischler, J., Beer, C., Buchmann, N., Frank, D. C.,

Papale, D., Rammig, A., Smith, P., Thonicke, K., van der Velde, M., Vicca, S., Walz, A., and Wattenbach, M.: Climate extremes and the

carbon cycle, Nature, 500, 287–295, https://doi.org/10.1038/nature12350, 2013.795

Ryu, Y., Berry, J. A., and Baldocchi, D. D.: What is global photosynthesis? History, uncertainties and opportunities, Remote Sensing of

Environment, 223, 95–114, https://doi.org/10.1016/j.rse.2019.01.016, 2019.

Smith, W. K., Dannenberg, M. P., Yan, D., Herrmann, S., Barnes, M. L., Barron-Gafford, G. A., Biederman, J. A., Ferrenberg, S., Fox, A. M.,

Hudson, A., Knowles, J. F., MacBean, N., Moore, D. J. P., Nagler, P. L., Reed, S. C., Rutherford, W. A., Scott, R. L., Wang, X., and Yang,

J.: Remote sensing of dryland ecosystem structure and function: Progress, challenges, and opportunities, Remote Sensing of Environment,800

233, 111 401, https://doi.org/10.1016/j.rse.2019.111401, 2019.

Stocker, B.: cwd v1.0: R package for cumulative water deficit calculation, Zenodo, https://doi.org/10.5281/ZENODO.5359053, 2021.

Stocker, B., Hufkens, K., Marqués, L., Arán, P., Maspons, J., Bernhard, F., marcadella, and Peng, Y.: geco-bern/rsofun: v5.0, Zenodo,

https://doi.org/10.5281/zenodo.14264892, 2024.

Stocker, B. D., Zscheischler, J., Keenan, T. F., Prentice, I. C., Peñuelas, J., and Seneviratne, S. I.: Quantifying soil moisture impacts on light805

use efficiency across biomes, New Phytologist, 218, 1430–1449, https://doi.org/10.1111/nph.15123, 2018.

Stocker, B. D., Wang, H., Smith, N. G., Harrison, S. P., Keenan, T. F., Sandoval, D., Davis, T., and Prentice, I. C.: P-model v1.0: an optimality-

based light use efficiency model for simulating ecosystem gross primary production, Geoscientific Model Development, 13, 1545–1581,

https://doi.org/10.5194/gmd-13-1545-2020, 2020.

Stocker, B. D., Tumber-Dávila, S. J., Konings, A. G., Anderson, M. C., Hain, C., and Jackson, R. B.: Global patterns of water storage in the810

rooting zones of vegetation, Nature Geoscience, 16, 250–256, https://doi.org/10.1038/s41561-023-01125-2, 2023.

Tramontana, G., Jung, M., Schwalm, C. R., Ichii, K., Camps-Valls, G., Ráduly, B., Reichstein, M., Arain, M. A., Cescatti, A., Kiely, G.,

Merbold, L., Serrano-Ortiz, P., Sickert, S., Wolf, S., and Papale, D.: Predicting carbon dioxide and energy fluxes across global FLUXNET

sites with regression algorithms, Biogeosciences, 13, 4291–4313, https://doi.org/10.5194/bg-13-4291-2016, 2016.

Tuzet, A., Perrier, A., and Leuning, R.: A coupled model of stomatal conductance, photosynthesis and transpiration, Plant, Cell & Environ-815

ment, 26, 1097–1116, https://doi.org/10.1046/j.1365-3040.2003.01035.x, 2003.

Ukkola, A. M., Abramowitz, G., and De Kauwe, M. G.: A flux tower dataset tailored for land model evaluation, Earth System Science Data,

14, 449–461, https://doi.org/10.5194/essd-14-449-2022, 2022.

Vaswani, A., Shazeer, N., Parmar, N., Uszkoreit, J., Jones, L., Gomez, A. N., ukasz Kaiser, Ł., and Polosukhin, I.: Attention is All you Need,

in: Advances in Neural Information Processing Systems, vol. 30, Curran Associates, Inc., 2017.820

Walther, S., Besnard, S., Nelson, J. A., El-Madany, T. S., Migliavacca, M., Weber, U., Carvalhais, N., Ermida, S. L., Brümmer, C., Schrader,

F., Prokushkin, A. S., Panov, A. V., and Jung, M.: Technical note: A view from space on global flux towers by MODIS and Landsat: the

FluxnetEO data set, Biogeosciences, 19, 2805–2840, https://doi.org/10.5194/bg-19-2805-2022, 2022.

Wang, H., Prentice, I. C., Keenan, T. F., Davis, T. W., Wright, I. J., Cornwell, W. K., Evans, B. J., and Peng, C.: Towards a universal model

for carbon dioxide uptake by plants, Nature Plants, 3, 734–741, https://doi.org/10.1038/s41477-017-0006-8, 2017.825

38

https://doi.org/10.1111/j.1365-2486.2005.001002.x
https://doi.org/10.1038/nature12350
https://doi.org/10.1016/j.rse.2019.01.016
https://doi.org/10.1016/j.rse.2019.111401
https://doi.org/10.5281/ZENODO.5359053
https://doi.org/10.5281/zenodo.14264892
https://doi.org/10.1111/nph.15123
https://doi.org/10.5194/gmd-13-1545-2020
https://doi.org/10.1038/s41561-023-01125-2
https://doi.org/10.5194/bg-13-4291-2016
https://doi.org/10.1046/j.1365-3040.2003.01035.x
https://doi.org/10.5194/essd-14-449-2022
https://doi.org/10.5194/bg-19-2805-2022
https://doi.org/10.1038/s41477-017-0006-8


Warm Winter 2020 Team and ICOS Ecosystem Thematic Centre: Warm Winter 2020 ecosystem eddy covariance flux product for 73 stations

in FLUXNET-Archive format—release 2022-1, ICOS Carbon Portal, https://doi.org/10.18160/2G60-ZHAK, 2022.

Whitley, R., Beringer, J., Hutley, L. B., Abramowitz, G., De Kauwe, M. G., Evans, B., Haverd, V., Li, L., Moore, C., Ryu, Y., Scheiter, S.,

Schymanski, S. J., Smith, B., Wang, Y.-P., Williams, M., and Yu, Q.: Challenges and opportunities in land surface modelling of savanna

ecosystems, Biogeosciences, 14, 4711–4732, https://doi.org/10.5194/bg-14-4711-2017, 2017.830

Xiang, Y., Gubian, S., Suomela, B., and Hoeng, J.: Generalized Simulated Annealing for Global Optimization: The GenSA Package, The R

Journal, 5, 13, https://doi.org/10.32614/RJ-2013-002, 2013.

Xu, X., Medvigy, D., Powers, J. S., Becknell, J. M., and Guan, K.: Diversity in plant hydraulic traits explains seasonal and inter-annual

variations of vegetation dynamics in seasonally dry tropical forests, New Phytologist, 212, 80–95, https://doi.org/10.1111/nph.14009,

2016.835

Yang, F., Ichii, K., White, M., Hashimoto, H., Michaelis, A., Votava, P., Zhu, A.-X., Huete, A., Running, S., and Nemani, R.: Developing

a continental-scale measure of gross primary production by combining MODIS and AmeriFlux data through Support Vector Machine

approach, Remote Sensing of Environment, 110, 109–122, https://doi.org/10.1016/j.rse.2007.02.016, 2007.

Yu, X., Orth, R., Reichstein, M., Bahn, M., Klosterhalfen, A., Knohl, A., Koebsch, F., Migliavacca, M., Mund, M., Nelson, J. A., Stocker,

B. D., Walther, S., and Bastos, A.: Contrasting drought legacy effects on gross primary productivity in a mixed versus pure beech forest,840

Biogeosciences, 19, 4315–4329, https://doi.org/10.5194/bg-19-4315-2022, 2022.

Zhang, Q., Wang, H., Dong, J., Zhong, G., and Sun, X.: Prediction of Sea Surface Temperature Using Long Short-Term Memory, IEEE

Geoscience and Remote Sensing Letters, 14, 1745–1749, https://doi.org/10.1109/LGRS.2017.2733548, 2017.

Zheng, Y., Shen, R., Wang, Y., Li, X., Liu, S., Liang, S., Chen, J. M., Ju, W., Zhang, L., and Yuan, W.: Improved estimate of

global gross primary production for reproducing its long-term variation, 1982–2017, Earth System Science Data, 12, 2725–2746,845

https://doi.org/10.5194/essd-12-2725-2020, 2020.

Zscheischler, J., Mahecha, M. D., von Buttlar, J., Harmeling, S., Jung, M., Rammig, A., Randerson, J. T., Schölkopf, B., Seneviratne, S. I.,

Tomelleri, E., Zaehle, S., and Reichstein, M.: A few extreme events dominate global interannual variability in gross primary production,

Environmental Research Letters, 9, 035 001, https://doi.org/10.1088/1748-9326/9/3/035001, 2014.

39

https://doi.org/10.18160/2G60-ZHAK
https://doi.org/10.5194/bg-14-4711-2017
https://doi.org/10.32614/RJ-2013-002
https://doi.org/10.1111/nph.14009
https://doi.org/10.1016/j.rse.2007.02.016
https://doi.org/10.5194/bg-19-4315-2022
https://doi.org/10.1109/LGRS.2017.2733548
https://doi.org/10.5194/essd-12-2725-2020
https://doi.org/10.1088/1748-9326/9/3/035001

