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Abstract.

Estimating ecosystem-atmosphere fluxes such as evapotranspiration (ET) in a robust manner and at global scale remains a
challenge. Machine learning—based methods have shown promising results to achieve such upscaling, providing a complementary
methodology that is independent from process-based and semi-empirical approaches. However, a systematic evaluation of
the skill and robustness of different ME-machine learning (ML) approaches is an active field of research that requires more
investigations. Concretely, deep learning approaches in the time domain have not been explored systematically for this task.

In this study, we compared instantaneous (i.e., non-sequential) models—extreme gradient boosting (XGBoost) and a fully-
connected neural network (FCN)—with sequential models—a long short-term memory (LSTM) model and a temporal convolutional
network (TCN);-fer—for the modeling and upscaling of ET. We compared different types of covariates (meteorological 5
without precipitation, precipitation, remote sensing, and plant functional types) and their impact on model performance at the

site level in a cross-validation setup.

When using only meteorological covariates, we found that the sequential models (LSTM and TCN) performed better—each
with a Nash-Sutcliffe modeling efficiency (NSE) of 0.73—than the instantaneous models (FCN and XGBoost)—both with an
NSE of 0.70—in site level cross-validation at the hourly scale. The advantage of the sequential models diminished with the
inclusion of remote-sensing-based predictors (NSE of 0.75 to 0.76 versus 0.74). On the anomaly scale, the sequential models
consistently outperformed the non-sequential models across covariate setups, with an NSE of 0.36 (LSTM) and 0.38 (TCN)

versus 0.33 (FCN) and 0.32 (XGBoost) when using all covariates.
For the upscaling from site to global coverage, we input the two best-performing eombination-of-covartates—which-was

meteorological-combinations of covariates—meteorological and remote sensing ebservations—with-observations, and with
recipitation and plant functional types in addition—with globally available gridded data. To evaluate and compare the robustness
of the modeling approaches, we generated a cross-validation-based ensemble of upscaled ET, compared the ensemble mean

and variance among models, and contrasted it with independent global ET data.
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while-the-advantage-of-In particular, we investigate three questions regarding the performance of sequential models compared

to the non-sequential models in the s
MWWWWWMM
regional ET; b) whether they are able to capture the temporal dynamics of ET better; and c) how robust they are to the covariate
setup and training data subsets.

The generated patterns of global ET Varlab1l1ty were hfg%ﬂy—eeﬂﬁ%teﬁfﬂefe%q—a&rg@gmw e ML models

—but in regions with
low data support via EC stations, we observed substantial biases across models and covariate setups, and large ensemble
uncertainties. The sequential models better capture temporal dynamics of ET when upscaled to global coverage, especially.
when using precipitation as additional input, and they seem to be more robust to covariate setups, particularly the LSTM
model. However, they exhibited, together with the non-temporal FCN model, larger ensemble spread than XGBoost, and they
yielded lower global ET estimates than what is currently understood, XGBoost showed smaller ensemble spread compared to
neural networks in particular when conditions were poorly represented in the training data-, but it was more sensitive to the
covariate setup. Plant functional types were useful at site level for improved representation of spatial patterns, but had a large

leverage on upscaling results—i.e., having disproportionate impact on the spatial patterns—especially for XGBoost, but less
for the LSTM model.

Our findings highlight non-linear model responses to biases in the training data and underscore the need for improved
upscaling methodologies, which could be achieved by increasing the amount and quality of training data or by the extraction of
more targeted features representing spatial variability. The neural networks seem to yield more realistic ensemble uncertaint

compared to XGBoost. Approaches such as transfer learning, knowledge-guided ML, or hybrid modeling, which encourage
physically consistent results while harnessing the efficiency of ML, ertransferlearning;should-be-should be further investigated.

Deep learning for flux upscaling holds large promise, while remedies for its vulnerability to training data distribution changes

respeetally-of sequential-models;still need consideration by the community.

. TEXT

Measurements of land-atmosphere fluxes of gases, such as water vapor or carbon dioxide, are crucial for understanding the

interactions between climate and ecosystems. Instruments at eddy covariance (EC) stations measure such fluxes integrated over
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Figure 1. Overview of eddy covariance (EC) sites used in this work: a) Distribution of EC sites (white points) and map grid-cells (background
color) within the global climate in terms of mean temperature and annual precipitation. b) Geographic EC site locations in different gray
scales according to the number of hourly observations of evapotranspiration. The map color corresponds to the representativeness of a
geographic location by the EC station sites. It is the average Euclidean distance in climate space (mean and standard deviation of normalized
15-daily temperature, precipitation, and radiation) to the ten closest stations. A lower representativeness (red) means a given location is

further away from EC sites in climate space.

a time span of 30 or 60 minutes and a small spatial footprint, spanning a couple of hundred meters to over a kilometer, depending
on the statior-instrument height, terrain roughness, and wind conditions. The measurement is performed at ecosystem level, as it
represents the integral of biotic and abiotic processes across scales (Baldocchi et al., 2001). While EC stations provide a crucial
source of data to measure these fluxes, they come with challenges. For instance, their representativeness and applicability for
regional to global analysis may be restricted due to the sparsity of EC sites in geographic and climate space (Fig. 1a and b).

Evapotranspiration (ET) is the combined flux of water vapor via evaporation from bare surfaces and plant transpiration. The
ET flux is of high relevance for modeling and understanding the Earth system because it links water, carbon, and energy cycles
(Jung et al., 2010; Nelson et al., 2018). However, the modeling of ET is challenging due to the highly dynamic nature ef-and
modulation by ecosystems. Their behavior depends on past system exposure via so-called dynamic memory effects (Ogle et al.,
2015; Besnard et al., 2019; Kraft et al., 2019, 2021). Among other factors, ET depends on soil moisture, which is primarily
driven by the recent past rather than by instantaneous weather conditions. Other processes impacting ET that depend on past
meteorology are related to vegetation states, such as the leaf area or phenology (Migliavacca et al., 2012).

To consider such complex memory effects, a model must either-incorporate past system exposure, such as temperature
or precipitation. Alternatively, the model can be fed with states that represent past exposure, such as leaf area index (LAI)
and soil moisture observations, or aggregations of past meteorology like temperature or precipitation sums. However, the
observation of ecosystem states is challenging and often not possible. In-situ measurements, e.g., of soil moisture, are not
consistently measured-available at all EC station-sites-stations and may not always precisely coincide with the eddy covariance
measurements in space or time, limiting the applicability for across-site modeling. As an alternative, remotely sensed observations
can serve as proxies of ecosystem states, like vegetation indices for foliage or phenology. These observations alone can only

partially explain EC measurements, as they represent structural or optical properties of the canopy rather than plant physiology
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or subsurface water states, and especially optical observations tend to saturate with dense vegetation (Huete et al., 2002).
Therefore, it may be beneficial to learn the non-observable states for the modeling of land-atmosphere fluxes as non-linear
functions of available covariates. Here, sequential machine learning (ML) models may offer a unique opportunity, as they are
able to extract dynamic proxies from temporal data (RuBwurm and Korner, 2017; Kraft et al., 2019).

ET can be quantified at large scales employing process-based paradigms, i.e., land surface models, or semi-empirical
approaches, based on inputs from remote sensing observations and predefined empirical relationships (e.g., the Global Land
Evaporation Amsterdam Model (GLEAM), Martens et al., 2017). As a complementary approach, the data-driven upscaling,
i.e., the generalization from the irregularly distributed EC stations to a regular spatio-temporal field, prevides—can provide
independent insights into ecosystem processes (Jung et al., 2017). The upscaling is achieved by training an ML model at the
EC sites with covariates that are also available as spatio-temporal fields (Jung et al., 2009). The optimized model is then fed
with the contiguous covariates to generate regional to global scale products.

Due to the availability of long-term records of both eddy covariance data and remote sensing products, increased computational
capacities, and a higher acceptance of ML approaches in the geosciences (Camps-Valls et al., 2021), data-driven approaches
to model ecosystem-atmosphere fluxes have gained momentum in the past decade (Tramontana et al., 2016; Jung et al., 2011;
Nelson & Walther et al., 2024; Zhu et al., 2024). Today, ML is widely used to model and upscale EC data, but the field is still
dominated by non-sequential modeling (i.e., an instantaneous model that does not learn memory effects), such as decision trees
or fully-connected neural networks.

An ensemble of global, harmonized products of upscaled EC fluxes from different ML algorithms (tree, kernel, regression
splines, and neural network-based methods) was released by the FLUXCOM initiative (FLUXCOM, 2017), founded on
previous work by Beer et al. (2010), Jung et al. (2010, 2011), and Tramontana et al. (2016). These products are build-built
upon non-sequential models, and they account for memory via manually designed features, such as seasonal amplitudes or
water availability indices, and remote sensing-based ecosystem state proxies, like vegetation indices (Huete et al., 2002). The
FLUXCOM products of energy (Jung et al., 2019) and carbon (Jung et al., 2020) are utilized in contemporary land—atmoesphere
land-atmosphere interaction studies and function as benchmarks for Earth system models. To improve the temporal resolution
and resolve the diurnal cycle, Bodesheim et al. (2018) upscaled 30-minute fluxes of carbon and energy using randomized
decision forests (Breiman, 2001), with a non-sequential modeling approach. Xiao et al. (2014) upscaled daily carbon and water
fluxes in North America using moderate imaging spectroradiometer (MODIS) data with non-sequential ML approaches. Xu
et al. (2018) evaluated different non-sequential ML methods to upscale ET with high-resolution features available regionally in
China. Zhao et al. (2019) and ElGhawi et al. (2023) both used a non-sequential physics-constrained neural networks approach to
model ET, which has the potential to yield physically consistent and partially interpretable models. Recently, Nelson & Walther
et al. (2024) published an hourly upscaling product of carbon and energy fluxes (X-BASE), built upon a novel framework
(FLUXCOM-X), which enables the testing and application of different data streams and ML methods for upscaling in a

flexible manner. They use a non-sequential model based on boosted regression trees (XGBoost; Chen and Guestrin, 2016) and

account for memory effects via remote sensing state proxies. This-framework-and-a-similar-data-setup-are-also-used-within-this
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Non-sequential ML approaches, however, cannot represent temporal variable interactions beyond the observable state proxies
in contrast to, for instance, recurrent neural networks (RNNs; Lipton et al., 2015). For time series regression, the long
short-term Memory network (LSTM; Hochreiter and Schmidhuber, 1997) is a widely used architecture based on the RNN
paradigm (Van Houdt et al., 2020). Such sequential approaches have been evaluated for EC flux modeling at the site level.
Reichstein et al. (2018) applied RNNs to model weekly net ecosystem exchange of carbon (NEE) from 9 European flux
stations with meteorological forcing and showed the relevance of temporal information via a permutation test. Besnard et al.
(2019) employed an LSTM architecture to model monthly NEE at EC sites and achieve better performance as-than with a
non-sequential random forest. But still, they reported poor representation of temporal dynamics both in terms of interannual
variability and anomalies, the deviations from the mean seasonal cycle.

In the domain of deep learning, different model architectures are capable of processing sequential data. In the Earth sciences,
the LSTM has become the de facto standard, even though other architectures have been developed, such as the temporal
convolutional network (TCN; Oord et al., 2016; Bai et al., 2018). The TCNs use sparse convolution along the temporal
dimension to consider long-term effects more efficiently. More recently, models employing self-attention (Vaswani et al.,
2017) have shown noteworthy performance in many domains. These sequential models could also hold potential for EC flux
modelmodeling, as has been shown by Armstrong et al. (2022) and Nakagawa et al. (2023). While conceptually apparent,
there is little systematic evidence of whether such sequential deep learning methods provide an advantage over non-sequential

approaches

tes-for the upscaling of EC fluxes, and about how these models respond
to other issues with-inherent in upscaling, such as limited and unevenly sampled training data and distribution shift from the
local point data to gridded fields.

In this study, we provide a systematic comparison of different machine-learning approaches to the modeling of site-level ET
fluxes and upseating-to-a-globak-seale-subsequently their upscaling to the global scale using the FLUXCOM-X modelling
framework (Nelson & Walther et al., 2024). A simple linear model, XGBoost, and a feed-forward fully connected neural
network serve as baselines for non-sequential models. Two sequential models, one based on the LSTM architecture, and
another based on a TCN, account for temporal effects. We chose these models as they are conceptually different but both

commonly used for time-series simulation and forecasting tasks, and we acknowledge that other architectures could be used
as well. We compare the model performances at the site level in a cross-validation setup and assess the relevance of dynamical

memory effects for land-atmesphere flux-modeling—with-speeifie-attentionto- ET-ET modeling. For each model, we conduct a

feature ablation experiment, where we drop feature groups. The groups considered in addition to meteorology are precipitation
(which we obtained from reanalysis data and not from site-level observations due to large gaps), dynamic state representations,
based on remotely sensed observations, and plant functional types (PFTs), which are static descriptors of site characteristics.
We provide and investigate cross-validation—based upscaling ensembles from the independent cross-validation models to test

for robustness. To assess the impact of the model architecture on upscaling, we contrast our products globally to a set of land

surface model simulations and to a semi-empirical approach (GLEAM). We investigate, in the context of upscaling, a) whether
the sequential models lead to more realistic and robust global and regional ET compared to independent estimates, b) whether
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they are able to capture the temporal dynamics of ET better, and c¢) how robust they are to the covariate setup and training data

subsets, compared to the non-sequential models.
The key contributions of this study are:

— A systematic comparison of the effectiveness of different ML methods for site-level tand—atmeosphere-land-atmosphere
ET flux modeling.

— An assessment and discussion of the relevance of different covariates in the context of ecological memory effects for ET.

— A characterization and comparison of an ensemble of upscaled ET estimates generated with different ML models.

2 Data sources and processing

We used hourly EC data from 2001 to 2020 processed by the ONEFLUX pipeline (Pastorello et al., 2020). Only sites available
under the CC BY 4.0 license were included in this analysis, i.e., FLUXNET 2015 (Pastorello et al., 2020), ICOS Drought 2018
(Drought 2018 Team and ICOS Ecosystem Thematic Centre, 2020), ICOS Warm Winter 2020 (Warm Winter 2020 Team and
ICOS Ecosystem Thematic Centre, 2022), or more recent ICOS or Ameriflux releases when present. In total, we used 287 sites
with approximately 19 million hourly observations of ET and meteorological conditionsdistributed-aeross7-7-years-per-site;on
average. The approach by Jung et al. (2023) was used for quality flagging. We used latent heat energy as target flux and convert
it to ET assuming a constant latent heat of vaporization of 2.45 MJmm™!. The following meteorological covariates were
considered: near-surface air temperature (7y;), vapor pressure deficit (Ae), shortwave irradiation (R;,), potential shortwave

irradiation (Ri,, por), and time-derivative of potential shortwave irradiation (AR, po). Note that the time-derivative, which is

the difference between potential shortwave irradiation values for two consecutive hours, are intended to help the non-sequential
models discern the diurnal cycle. As precipitation (P) observation at site level is often missing, we used the hourly ERAS

reanalysis instead (Hersbach et al., 2020), extracted from the nearest pixel to the site. In addition, we used remote sensing
observations from the moderate imaging spectroradiometer (MODIS) sensor on board both Terra and Aqua satellite platforms,

collection ¥006-006. These include the enhanced vegetation index (EVI, Huete et al., 2002) -the-near-infrared-reflectance

of-vegetation(PNRv,Badgley-et-al;204+7);-and the normalized difference water index (NDWI, Gao, 1996), att-both retrieved
at site level from the MCD43A4 product (Schaaf-and-Wang;2045b;spatial-reselution-of 500-mjand quality filtered based on
the MCD43A2 product (spatial resolution of 500 m, Schaaf and Wang, 2015a, b), and from MCD43C4 for the global data runs
{Schaaf-and-Wang;2015¢;spatial-reselution-of-0:05>)(spatial resolution of 0.05 °, Schaaf and Wang, 2015c¢). Additionally, the
land surface temperature (LST) was obtained from MOD11A1 at site level (Wan et al., 2015a, spatial resolution of 1km), and
from MOD11C1 globally (Wan et al., 2015b, spatial resolution of 0.05°). Each-remete-sensingproduct-was-interpolated-to-daily
resotutionAlthough the MCD43A4 product for the reflectances uses observations from a period of 16 days to characterize and

is done over a temporally moving window at daily timesteps, resulting in output data with daily frequency. Processing of the
datasets, cutouts at the sites, and quality control correspond to the set-up used in the FLUXCOM-X-BASE data set (Nelson &
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Figure 2. Fwo-year-One-year time series from the Hainich site (DE-Hai) in Germany. Meteorological covariates (hourly): near-surface
air temperature (T5;r), vapor pressure deficit (Ae), shortwave irradiation (R;,), potential shortwave irradiation (Rin, pot), ard-time-derivative

of potential shortwave irradiation (AR, por), and precipitation (P). Remote sensing vegetation-indices—(interpotated—to-daily): enhanced

vegetation index (Vgvr), normalized difference water index (Vapwi), and land surface temperature (7i.r). Land-atmosphere target flux

(hourly): evapotranspiration (ygr).

Walther et al., 2024; Walther & Besnard et al., 2022; Jung et al., 2023). As an optional covariate, we use the plant functional
type (PFT), available for all EC station sites. The nine PFTs were one-hot-encoded and repeated in time to match the hourly
time series. One-hot encoding represents categorical variables as binary values, assigning a unique binary digit to each category.
Sample time series of the covariates and ET are shown in Fig. 2.

For upscaling, we used global meteorological data from the ERAS reanalysis (Hersbach et al., 2020) corresponding to the

site level variables.

hourly data was spatially resampled to a resolution of 0.05° spatial-reselation-using bi-linear interpolation. This data was also
used to fill gaps in site-level meteorological observations.

For the evaluation of the upscaling results, due to the lack of direct and spatially contiguous observations of ET, we used the
Global Land Evaporation Amsterdam Model (GLEAM) v3 (Martens et al., 2017) and global sums of yearly ET from 14 land
surface modes (TRENDY v6, values extracted from Pan et al., 2020) )-as reference. Note that these reference data sources do
not represent the ground truth, but are estimates derived using different approaches, independent from the data-driven upscaling

performed here.
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3 Methods
3.1 Experimental setup

We evaluate a set of sequential and non-sequential ML models at the site level in a spatial-leave-sites-out cross-validation
setup. The models are trained with different types of covariates: meteorological site-level observations without precipitation
(met), precipitation from ERAS (prec), remote sensing (rs), and PFTs (pft). This-These experiments with different sets of

i el tates. In total, four

six covariate setups were tested and combined with five machine-learning models, i.e., twenty-thirty models were trained and

variables as model inputs ;-are summarized in Tab. 1

evaluated at the site level. For the evaluation, we use the Nash-Sutcliffe modeling efficiency (Nash and Sutcliffe, 1970)

T N
NSE: 17 Zt:l(yt_yt)Q (1)
T _ i
2i=1(ye = 9)?
where y; is the observed and g, the predicted ET at time ¢, and i represents the mean of the observations. The NSE is calculated
per site and can take values from —oo to 1 and reflects model performance relative to the mean of the observations. Values

above 0 indicate better prediction than using the mean observations, and 1 is a perfect prediction. Note that for the evaluation

of spatial patterns, the NSE was not computed per site but across sites, which corresponds to the R2.

3.2 Modeling approach

With the goal of evaluating model performance at EC station locations and afterwards upscaling to the global scale, we tested

a number of ML algorithms in a site-level cross-validation setup. We denote the modeling problem as
gs,t = fG(Xs,th:hcs) . (2)

Here, X, k. € REFDXD gre the D dynamic input covariates with up to K antecedent time steps, and ¢, € RM are the
M static (constant) input features. The target flux of ET is represented as s + € R at site s and time step ¢. Note that K =0
with only instantaneous covariates X , ; is a special case where no antecedent time steps are considered (i.e., a non-sequential

model). We aim to find the parameters

0* :arg;ninﬁ(fe(Xs,th:tvcs%yt) (3)

of a function fj that minimize the loss function £, given by the mean square-squared error (MSE).

As baselines, we used a linear regression (1inearreqg) as well as two non-sequential models, a fully connected feed-
forward neural network (fcn), and extreme gradient boosting (xgboost). The latter was also used in the recent state-of-the-
art global upscaling product xbase (Nelson & Walther et al., 2024). The setup for these models was kepteonstant;+-e-largely

consistent with xbase , i.e., the same covariates were used here plus precipitation. The remote sensing and PFT covariates

were repeated in time for every hour to obtain uniform inputs—, i.e., the former were constant over a day and the latter over
the entire time series. Although the remote sensing covariates do, in theory, vary on a sub-daily basis, these variables are not
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Table 1. The ablation experiment with different covariate groups: Meteorological without precipitation (met, hourly), ptant-funetional
type-precipitation (p£tprec, eonstanthourly), and-remote sensing—based (rs, daily), and plant functional type (pft, constant). Each item

corresponds to a unique medel-covariate setup.

Setup
Covartate-groups-Covariates
met
Me{e@fﬁ}egy'Tain Ae, Riny Rin, pots
ARin, pot
metiprec met + P
met+pft
Meteefe}egy;—PF?met + Sprr
met+rs
Meteorology,remeote-sensingmet +
Vevi, Vowt, Tsurt
met+pft+rs

metiprectpftirs (zfull)  met + P+ Vevi, Vowr, Tour + Sprr

met: near surface air temperature T ; vapor pressure deficit Ae; shortwave irradiation Rin;

potential shortwave irradiation Ry, por; time-derivative of the potential shortwave irradiation

A Rin. pot; prec: precipitation P; rs: enhanced vegetation index Vgyy; normalized difference
 pots P precip: g

water index Vpwr; land surface temperature Ty,s; pft: plant functional type Sprr.

available at the hourly resolution, and the diurnal variations are driven primarily by hourly-varying meteorological variables

though they interact with satellite-based features that change only on a daily to weekly basis. In addition to these non-sequential
models, we used two sequential models: A simple LSTM architecture, a model able to learn temporal dynamics via its built-

in memory processing mechanism, and a TCN model, which applies 1D convolutions in time. Those sequential layers were
stacked to achieve the extraction of complex temporal features. While the LSTM has, conceptually, an unlimited receptive
field, the temporal context considered by the TCN depends on its hyperparameters. The neural network-based models use the

building blocks illustrated in Fig. 3 and were implemented in PyTorch (Paszke et al., 2019) v1.13.
3.3 Model training

To identify models with the capacity to generalize well to unseen sites, we trained them following an eight-fold cross-validation
scheme, for which the data splitting between sites was kept identical across different models and arehiteeturescovariate setups.
To decrease the dependency between the sets, we ensure that sites in close spatial proximity (below 0.05° distance) are part
of the same set using clustering of coordinates. The site groups are provided in the Appendix (Tab. B1). For each of the eight

folds, six of the cross-validation sets were used for training (75%), one for validation (12.5%), and one for testing (12.5%),
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Figure 3. The three neural network layers used in this study: a) a feed-forward neural network, b) a temporal convolutional network (TCN),
which applies causal (i.e., does not consider future time steps) 1D convolutions in the time dimension and ¢) a long short-term memory
(LSTM) model, which uses recursion for information flow in the time dimension. The model inputs (xs,;) at site s and time ¢ are mapped to

the output s ;.

such that each site appeared in the testing set once. The training and validation sets were used for model tuning with the early
stopping algorithm: The model parameters were optimized on the training set, while the validation set was used to evaluate
the generalizability regularly (ten times in each training epoch). Once the validation loss converged over a given number of
validation steps (the “patience”), model training was halted, and the best parameters were restored. With these parameters, the
model was applied to the independent test set. This approach yielded independent predictions for each site, which we then
used to evaluate the model’s performance on a site-level basis. For a speedup of the training, the model was iteratively fed
with randomly selected sequences of two years. The first year was used for providing temporal context {similar to the “spinup”
in dynamic process models), while the second was used for tuning. Note that the two years were randomly sampled in every
epoch, ensuring that all observations were, potentially, used for training with high likelihood.

We used a random search over a predefined set of hyperparameters. For each model, 20 parameter sets were sampled
uniformly with replacement. The sets are reported in Table A1l in the Appendix. Note that we selected hyperparameter ranges
based on prior experiments, i.e., we excluded values that performed consistently badly in order to obtain a denser sampling

of the sensitive ranges. With this protocol, we tuned hyperparameters independently for each model except for linearreg,

which has no hyperparameters. The same hyperparameter set was used throughout the cross-validation for each model setup.
Thus, the cross-validation ensemble is composed of models with the same hyperparameters, but trained on different subsets of
the data,

To quantify model uncertainty on the site level, we performed the cross validation for the six best-performing models (in
terms of validation MSE) from hyperparameter tuning for each model and setup individually. For later analysis and upscaling,
only the best-performing model was used.

10
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3.4 Upscaling

To achieve global coverage, we fed the models with harmonized and gridded data from 2001 to 2021 with 0.05° spatial and
hourly temporal resolution. Due to the high computational demands of the upscaling, we decided to use only the-overall-best
covartates-setup;-which-was-met+rs;for-two well-performing covariate setups across all models. We did-not-use-the-selected
the met +rs and the met tprectrstpft (full) setups as they were among the best-performing setups. The 1inearreg
model for-upseatingwas excluded, as it showed-significantly-worse-performance-compared-to-performed significantly worse

than the non-linear algorithms in the site-level cross-validation. For each of the four remaining ML models, we compute an
ensemble of eight upscaling products. The members, herein-hereafter referred to as “cross-validation ensemble”, correspond
to the models obtained from the cross-validation folds, i.e., each fold yielded one model which was trained and evaluated
on an independent set of sites. Note that this differs from the X-BASE setup (Nelson & Walther et al., 2024), where the
cross-validation was used exclusively for model evaluation, and the upscaling was done with a single model trained again on
additional sites without holding out a test set. This method does not yield an ensemble, and is, therefore, not suited for the
evaluation of within-model upscaling robustness. The upscaled products are then evaluated by a ML model inter-comparison

and by contrasting global yearly sums and regional cross-validation ensemble mean and variability to independent products.

4 Results and discussion

4.1 Site-level modeling of evapotranspiration (ET)

In this section, the EC site-level prediction of ET is evaluated based on the cross-validation setup. We aim to understand the
impact of different covariate types and ML approaches on performance at different temporal scales and assess the relevance of

sequential model architectures on reproducing observed-ET-ET observed at EC sites.

4.1.1 Model performances across scales

Fhe-overalt-Figure 4 presents site-level performanee-of-hourty EF-shewnin-ET accuracy in terms of NSE for different ML

models and covariate groups across scales. We now focus on the best-performing models (solid lines in Fig. 4;-depended
mere-on-). Overall, model outcomes were more influenced by the choice of covariates rather-than-on-the-chotce-of-the ME

by-the ME-medels-by-atarge-was observed.
In general, the ML models outperformed linear regression by a substantial margin. On the raw and daily time seale;the

64-scales, sequential models exhibited the
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Figure 4. Site-level evaluation for modeled evapotranspiration: Median Nash—Sutcliffe model efficiency (NSE) across sites for different

models (lines) and covariates (x-axis) for various scales (panels). The shaded area represents the range of the top six models from

hyperparameter tuning per model setup, with the solid line indicating the best-performing model (top one). This can be interpreted as

model uncertainty. Note that the model selection during hyperparameter tuning was based on the validation set and the mean squared error.

Consequently, the best model is not necessarily the top performer in terms of NSE. The scales shown are raw for hourly, daily for daily
aggregates, seasonal for daily seasonal, anom for daily anomalies (daily minus seasonal), and iav for interannual variability.
The spatial scale reflects the NSE across site mean values, indicating the ability of the models to capture spatial variability. For certain

temporal scales, some sites had to be excluded due to missing or infinite values; the number of sites used is indicated in the respective panel
title.

best performance, maintaining stable NSE values of 0.70-0.75 raw) and 0.60-0.65 (daily) across data setups;respeetively-

. Non-sequential models performed
worse when using only meteorological covariates but showed significant improvement when remote sensing covariates were

included, achieving similar performance to sequentlal models.
On the seasonal scalea

, sequential models

outperformed others in the absence of remote sensing covariates. However, when remote sensing covariates were included,
the performance differences between models became less pronounced. For anomalies, the—+en medel—peffefmeek&te%es&

al-medels-benefitedfrom-adding remote sensing covariates ;-and-the-sequential-models-performed-consistently-better-aeross
att-data-setups—For-the-enhanced model performance across all setups, with sequential models consistently outperforming
non-sequential models. Notably, this was the only scale where precipitation had a clear positive impact across all models
compared to the met trs+pft setup.
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For interannual variability, all-medels-show—verytow-performanee-and-model performance was generally poor across all

setups, with no clear patterns, and the small y-axis range underscores this. Adding PETs and precipitation did not improve,

295  and on the contrary in some cases, reduced performance. On the spatial scale, model performance was similar across models,
J&%M@WM@WMW pﬁmwﬂ%%ﬂme%%mmpfmdrwﬁhﬂédﬂﬂg
Fimet and met+prec setups. Including PET

300

WMMWWM&@WMW@WM
showed lower robustness than non-sequential models, likely due to their added complexity. Sequential models consistently
305  outperformed non-sequential ones on the raw scale. On the daily and seasonal scales, the differences between sequential
models were primarily driven by model uncertainty, i.e., the uncertainty ranges displayed in Fig. 4 overlapped strongly on the
spatial scale. On the anomaly scale, sequential models reliably outperformed non-sequential models across the top six setups.
Given the small performance range and large model uncertainties on the iav scale, caution is needed when interpreting these
differences. Similarly, the differences on the spatial scale were minimal, and the relative uncertainties were large.

310 Next, we discuss the broader implications of these findings. The linear models (1inearreq) felshortconsistenthy-consistently
underperformed because evapotranspiration is ehametemee#gwﬂby complex interactions and non-linear functionssuch

that, making the advantages of ML

articularly evident. While sequential models showed only marginal improvement when adding covariates related to ecosystem
state, the-non-sequential models improved-meore-prominently-—Thisis;-on-the-one-hand;-exhibited more substantial improvements.

315 This serves as a sanity check for the sequential models: Fhey-they were able to extract additional information from the

ith-methods

temporal meteorological covariates, as expected. Still-adding-However, incorporating remote sensing covariates improved and
stabilized their performance. On-the-other-hand;-this-shews-Conversely, this suggests that remote sensing covariates are-serve

as useful proxies for ecological memory: Fhe-sequential-models-were-able-to-while sequential models could extract additional

information from antecedent covariates, butmostoftheinformationseems-to-be-ecomprisedin-most of this information appeared
320 to be contained in the remote sensing covariates, and-thus;—the-allowing non-sequential models achieved-to achieve similar

performance.

325 On the anomaly scale, hewever,-we observed a more distinet-performanee-inerease-alse-noticeable performance increase
Wmﬁr the sequentlal models;-and-the—+stm modelinpartientar. This is neteworthy;—as
important, as anomalies are crucial for studyin
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and quantifying ecosystem responses to uncommon or extreme conditions. This eeuld-berelated-to-processes-that-are-partiatly
performance increase could be linked to processes observable by remote sensing ;-but-cannot-be-derived-but not directly
derivable from meteorology, such as ferest-orerop-managementand-the effect of management on crops and forests and natural
disturbances. Here, adding precipitation improved the performance of all models. This is not surprising, as precipitation is a
key driver of ET through its influence on soil moisture (Nelson et al., 2020). However, the improvement was comparatively
small, which may be due to the use of precipitation reanalysis data that may not fully represent local conditions. The low
performance on the iav scale was also reported by Jung et al. (2019) and Nelson & Walther et al. (2024).

It is notable-worth noting that adding PFTs as covariates did not improveand-sometimes-even-harmed)-model-performance
— and in some cases even reduced, model performance on the temporal scales. On the spatial scale, however, their inclusion
was beneficial, highlighting the potential importance of spatial covariates for modeling EC fluxes and upscaling. PFTs have

long been criticized for not being—representative—of—a N@W}he continuous characteristics of ecosystems
(Reichstein et al., 2014; Kattge et al., 2011). i i i i

experiments suggest that while adding PFTs provides additional information for representing spatial patterns, they may also

harm extrapolation on other scales, arguably due to the inflated covariate space; indeed, while-inereasing-the-inputfeatures
spaeeinfaet-each of the nine PFTs adds-introduces another input dimension due to the-one-hot encoding. Fhis-can—in-general;

‘We therefore recommend explorin
alternative spatially continuous variables, such as soil properties or plant traits—Fhis—finding-advoecates—for—a—, that could

summarize ecosystem functional properties.
These findings advocate for comprehensive feature selection to identify more relevant static featuresand;-thereforeto-aveid

inflating-, thereby avoiding unnecessary inflation of the input dimensionality. Alternatively, or in addition, location embeddings,
such as SatCLIP (Klemmer et al., 2024), could help-improve-model-generalizeability-improve model generalizability by

providing a condensed representation of land surface characteristics.

4.1.2 Memory effects matter

As noted-before;-the-difference-in-model-performanee-previously mentioned, the performance gap between the non-sequential
and sequential models shrank-decreased when remote sensing observations were added-incorporated as covariates. We investigate

explore these differences in Fig. 5: As iHustrated-in-the-top-Jeft-shown in the top-left panel (Fig. 5a), which shows-displays
the absolute error difference between the the-1stm and xgboost ;the-models, non-sequential models perform—worse-with
performed worse when high incoming radiation (> 200 Wm™?) was pa1red with either low or high observed ET. To represent

these conditions,

must implicitly learn about water availability. It appears that the sequential model was able to learn proxies of wetness from

the meteorological time series, but-whereas the non-sequential model was net—Rather;—the-latter-unable to do so. Instead,
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Figure 5. Comparison of a sequential (1stm) and a non-sequential (xgboost) model in terms of absolute error and mean predicted ET
in the space of observed evapotranspiration x shortwave irradiation: Panel a) and b) show the difference in absolute error of-between the
1stm minusthe-and xgboost medelmodels, a)-with a) showing the difference when only meteorological covariates entyare used, and by
when-using-b) showing the difference when precipitation, remote sensing, and PFT covariates n-addition(full setup) are included. Here,

magenta represents-indicates cases where the sequential model performs-betteroutperforms the non-sequential model, and green vice-versa.
The bottom panels ¢) and d) show the difference in mean predicted ET of-between the 1stm minus-the-and xgboost medelmodels for the

respective covariate setups. Hereln these panels, red colors indicate an underestimation of ET by xgboost compared to 1stm, and blue
viee-versaindicates the opposite. The histograms represent the marginal data distribution.

the non-sequential model seems to have learned an average behavior, which werked-performed well in most instanees—As
When remote sensing covariates were added as well as PFTs and precipitation, the differences in performance were reduced

but did-not-entirely-disappearnot entirely eliminated (Fig. 5b). This interpretation is supperted-by-further supported by the
bottom panels, Fig. 5c-d, which show the difference in mean predicted ET between the sequential and the-non-sequential model-

Withott-aceess—to-the-remotesensing-models. With access to only meteorological covariates (Fig. 5c), the non-sequential
model overestimated ET with high incoming radiation but low observed ET:-these—are-ET—representing dry conditions
that the model failed to identify—On—the-contrary;—targe-recognize. In contrast, high observed ET was underestimated by
the non-sequential model;-these-are;suppesedty,—, which likely corresponds to wet conditions. When-adding-the-remote
sensingobservations-as-After incorporating remote sensing, PFTs, and precipitation covariates (Fig. 5d), the differences-were
redueed-significanthyperformance differences were substantially reduced. This comparison tHustrates-why-memory-effectsplay
arole-in-modeling ET-and-underscores the importance of memory effects in ET modeling and illustrates how remote sensing
covariatesare-good;but-not-perfeet, while useful, are not perfect proxies for ecological memory.
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—Furthermore, including
precipitation may be beneficial for the sequential models in principle, as these models could learn soil moisture dynamics.
However, as noted earlier, the performance increase was not as pronounced as expected (Fig. 4), possibly due to the use of
reanalysis data that may not fully capture local conditions.

4.2 Scaling evapotranspiration to global coverage

With the models optimized at the site level, we create global ensembles of ET estimates for the met+rs and the full
(met+prec+rs+pit)covariate setups. The ensemble members were trained with different subsets of the training data within
the cross-validation scheme. At the site level, the differences between ML models were small when considering remotely sensed
observations or PFTs as covariates. However, when scaling globally, data distribution shifts can (and will) affect different
model types in different ways. The-shifts-evelve-These shifts arise from the different scales of the measurements (point at EC
site versus grid globally), the different data products used (direct observation of meteorological variables at EC site versus
reanalysis globally), and the spatial extrapolation into different ecoclimatological conditions from irregularly and sparsely
sampled locations. In this section, we consider the performance of the different ML approaches and covariate setups while

scaling out of the flux-EC station locations.

4.2.1 Global patterns of evapotranspiration

mean)-amounted-to-about-65—103for-the-Figure 6 shows global annual ET estimates for all ML models and the two selected
covariate setups. With the met +rs setup, non-sequential models xgbeest 65-:3+0:9-103)and—Ffen (65:6+5:0-102)
xgboost, in-agreement-with-fcn) estimated about 65 - 10% km® y=! global annual ET, which is close to the land surface
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Figure 6. Global annual evapotranspiration (ET) per model. The violin plots represent the density of independent cross-validation runs (black
dots), with their mean values across runs displayed as white dots. For the machine learning models, the met +rs setup (meteorological and
remote sensing covariates) is shown in light grey, while the full setup (meteorological, precipitation, remote sensing, and PFT covariates

is shown in dark grey. The data from a number of land surface models (1sm), the GLEAM product (gleam), and FLUXCOM X-Base

(xbase) are added as reference.

models ensemble-mean—(1sm) of-ensemble mean (64.7 +6.9-10% km3 y~1), while sequential models (t cn, and-to-about
60103 For the-sequential-models-ten (59:8+4-3-105 ) and-1 s t m(61:8+ 37105 ) on-average (Fig—6)—This-amountsto-a
) predicted roughly 8% lower annual-ET-estimate-by-the-sequential-models—Both-gLeam and-xbase estimate-atargerglobal
ET-around-70>-10values (59.8 and 61.8 - 107 km? y -

, respectively). With

the full setup, xgboost memberswas-considerably-smallershowed the strongest increase in global ET (+10%), while fcn
1stm, and tcn increased modestly (1%, 0.5%, and 5%, respectively). xgboost was closest to gleam and xbase, whereas
neural networks aligned more with 1sm estimates.

latitudes—This-isshownin-Figure 7 displays spatial patterns of ensemble mean ET per model and covariate setup. The models
aligned well spatially in the met+rs setup (Fig. 22 i i i

a—7a), with lower ET by sequential models
especially in regions in the Southern Hemisphere which have sparse coverage by EC stations. The full setup (Fig. 2?a)

mheﬂﬁeefmﬂme&eﬁhwwevel%ﬁe&sufaﬁem%ambaeh%—%ﬁﬁb) revealed stronger divergences across models
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Figure 7. Spatial model evaluation and comparison for the met +rs and full (meteorological, precipitation, remote sensing, and PFT
covariates) setup. &) Gridtevet-Grid-level cross-validation ensemble mean ET for the=gboeost each model is shown in the lteftmost
mﬂp@w\g\\ﬁ/\@m&gﬁ&s, and the differenee-between-middle row (b)) for full. The first column represents xgboost, and the neurat
network—based-models-isshown-in-the-remaining columns show the difference to xgboost. b) The griddevel-median-absotutedeviation
bottom row (MADBC)) per-ME-moedelquantifies-shows the eross-validationensemble-uneertaintydifference met +rs minus full. The color

scale is consistent across panels and reflects mean ET in mmd~*. Fhe-map-inset-Inset histograms represent-show the distribution of the
values weighted by the-grid cell area; the median is shewn-as-indicated by a dashed black line.

articularly in arid zones such as the Sahara and Arabian Peninsula and generally in the subtropic zones. Figure 7¢ shows
that changes in ET estimates due to covariate setup differences were low in temperate zones but more pronounced in arid and
tropical regions. The 1 stm appeared relatively robust across setups.
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Figure 8. Comparisen—Temporal correlation of monthly ET m among models and with—the-GEEAM

produet{egteamjcovariate setups. ial-a) Correlation between monthly ET

anomaly time series from met+rs and ; its-full setups. Fhestrength-b) Correlation between monthly ET
anomalies of met +rs and the refationship-is-quantified- GLEAM product. ¢) Difference in temporal correlation with GLEAM between the

Pearson-correlation{ryful 1 W w ThHmﬁefiﬂaﬂg&ﬂaﬁ(—mageﬂt&%ﬁes}shew&Inset histograms show area-weighted value

435  (r—"0-92-and-—0:93)-8) reveals high agreement (r > 0.8) between covariate setups in most areas, except for arid zones,

and only the t cn maintained high consistency globally. A comparison with gleam (Fig. 8b) showed moderate correlations
mean r &~ 0.5), with discrepancies mainly in tropical and arid regions. Figure 8c highlights where models improved alignment
with GLEAM when using additional covariates: t cn improved slightly, while 1stm improved most consistently across dry.
regions,
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Figure 9. Median absolute deviation (MAD) of the cross-validation ensemble for each model setup, representing spatial uncertaint

mmd~!. a) MAD for the met+rs setup. b) MAD for the full setup. Inset histograms show the distribution of values weighted by erid

cell area; the dashed black line marks the median.

Figure 9 shows uncertainty via median absolute deviation (MAD)
across-time-afterwards—Here;-across ensemble members based on monthly values. xgboost {eft-hand-side-paneb-had-atow
ensemble-spread-in—general;with-slightly targer—values-had the lowest spread overall, with modest increases in tropical and

terms-of spatio-tempoal-patterns—TheJower triangular-panels-in-more pronounced increase in arid zones in the full setup.
The neural networks showed higher ensemble spread: in the tropics and subtropics for the met +rs. and in arid regions for the
£ull setup. In the latter, uncertainty patterns aligned with ecosystem boundaries, likely reflecting PET transitions.

We saw that models showed biases in terms of global ET sums, but apart from xgboost, the values were relatively robust
to changes on covariate sets. From the spatial and temporal patterns (Fig, 7, Fig. *?-indicate-that-the-assoctation-was-weak
between—ten 8§, and%%%%ﬁm%m%%ﬂﬂﬁ@h&yhfgeﬁwmm
Fig. 9), it becomes evident that
the uncertainty originates mainly from tropical and arid to semiarid regions. Finally, we want to investigate if the differences

in training data used in cross validation.

are related to the technical setup (architecture and covariates) or to the variabilit
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Table 2. Global evapotranspiration (ET) correlation across model ensemble members. The correlation is based on global ET sums across
cross-validation members trained on the same sites. The upper triangle (bold) shows Pearson correlation, the lower triangle Spearman rank

correlation.
xgboost. £fen ten lstm
rs full rs full rs full rs full

rs 1.00 0.90 0.25 0.23 0.63 0.45 0.67 0.20
xgboost o et el — e et N NN

fall 076 100, 057 036 058 065 080 039
fcn

fall 0260 062 052 1000 020 025 008 045
tcn

full 040 081 081 038 062 L00. 064 009
lstm

f0ll 010 036 076 031 010 033 048 100

Therefore, we investigate the alignment of members shown in Fig. 6: We compute the linear () and rank (p) correlation
between global sums of ET between all models and covariate setups. In other words, we quantify if using the same data subset

in cross validation leads to a consistent upscaling behavior in terms of global ET. The results are shown in Table 2. Global ET
estimates from xgboost was-net-much-lower-with-valuesfrom—+—=0-59-to-»==0-69were highly correlated between setups

r=0.90, p = 0.76), suggesting consistent behavior across training data subsets. Neural networks exhibited lower correlation

global- ET-magnitude-of-Most models, particularly the sequential ones, estimated global ET—averaged across members—at
the lower end of current estimates from independent methods of about 70 & 5- 102 km? y ! based-on-a-variety-of -methods

— Jung et al., 2019

and compared to gleam and xbase. stimation 3t 3
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non-closure at EC sites could depress ET by up to 20% (Jung et al., 2019)and-could-explain-the-apparentunderestimations;

et recent findings suggest that the closure gap ma
contribute only moderately to the global ET bias, as the closure gap very likely stems primarily from sensible rather than latent
heat fluxes, i.e., ET (Zhang et al., 2024; Mauder et al., 2024). Because both xgboost-full and the xbase approach-suffers

setup;-which-was-based-on-the XGBoestmethodproduct
would share the same closure issue but still reach the benchmark range, the deficit of the other models must originate elsewhere;
options are training data subsets, the ML approaches, covariate setup, or data distribution shift due to extrapolation into
underconstrained regions and product types (site level versus gridded).

Disentangling
these possible causes is difficult, but we can draw some conclusions from the results. We have shown that different training
subsets did not lead to consistent upscaling behavior (Table 2). In other words, taking the same training data subset for
model training did not lead to similar behavior across ML, models in terms of global ET. This suggests that the ensemble
variance at global scale is not driven by training data, but rather by how the ML models extrapolate out of the training data
distribution. It indicates that, when evaluating the global sums alone, neither neural networks versus xgboost even-the same
machine-learning-model—was—used: y—eli nee-between—our-approach-and—xbase is-the-eross-validation—setup-and

by-the-site-level-eross-validationresults{nor_sequential versus non-sequential models can be regarded as inherently more
consistent_—or therefore more reliable_—for global upscaling.

A further complication is the change from EC site observed meteorology to reanalysis grids. At EC sites, meteorological
variables are locally observed, whereas global inputs are derived from reanalysis grids (with a spatial resolution of 0.25°) with
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510 assimilation and spatial smoothing (Hersbach et al., 2020; Parker, 2016; Grusson and Barron, 2022; Valmassoi et al., 2023). Sequential

networks, which exploit fine-scale temporal structure, are theoretically more sensitive to such a distribution shift than tree-based
or feed-forward models. Yet our results show that spatial patterns are robust in data-rich regions, both across architectures
@yvssrvnv@wsalékﬁg i i ineonsistent the-it

515 —7) and within architectures (ensemble spread, Fig. 9).

Because every model and covariate set converges where observational support is strong, the station-to-grid shift cannot be the
dominant source of the spatial or global-sum discrepancies. Instead, the residual differences arise from the extrapolation into
data-scarse regions, with different behavior across models and covariate setups.

520

fﬂede}s—fepfeseﬂ{—E—T—shg%ﬁer—be&efThe model runs without PFTs (Fig. 7a and Fig. 9a) showed a better agreement among each
other (Fig. 4)— q

seque a Ot a a—a—o P R ss§ie pro s—atid

525

improves the model robustness. However, we saw at site level that the PFTs improved the model performance particularly at the
spatial scale (Fig. i ; ; .

530

spatial patterns with the full setup: In particular, xgboost {r=6-65;p=0-81)folowed by tstm and-and fcn with the
£ull setup estimated large ET in arid regions like the Sahara and Arabian Peninsula. These large ET estimates align poorly
with our understanding of ET processes, and £erxbase (+=0-45-p—="0-31)-and-estimates in these areas have also been
shown to be too high (Nelson & Walther et al., 2024). Thus, while fcn and particularly xgboost and-with the fenfull
535 HMWWEWM
g\iejgm% The sequentlal models

540 meoreconsistent)representationof-the-proeesses—also yielded higher global ET when including PFTs, likewise originating from

arid regions, but the increase was less pronounced. The 1 stm showed the largest robustness across setups. For all models, we

observed an increase of ensemble spread in arid and also tropical regions when adding PFTs (Fig. 9). It is possible that in the

site-level cross validation, these effects were not visible because of a lack of EC stations in arid and tropical regions.
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monotonie relationship).— xgboost fen ten While we cannot answer which model in combination with which covariate

setup yields the “best” upscaling results, we can conclude that non-temporal models yielded more realistic global ET estimates
even if this is largely due to covariate-driven artifacts in data-scarse regions rather than genuinely improved process representation.

The sequential models were also sensitive to covariate setup, but the 1 stm xgbeost +00-0:36 0:65 039 fer 0.62-1.00-0:25

other models.

4.2.3 Consistent temporal dynamics

Despite variability in absolute ET magnitudes, the models showed strong internal consistency in their temporal dynamics
Fig. 8). The high correlation between covariate setups (Fig. 5

variations and responded consistently to climatic forcing.

Temporal correlation with gleam was moderate overall, as discussed previously. The GLEAM ET product is based on
conceptual models driven by remote sensing inputs and meteorological forcing. We do not treat it as ground truth, but we
assume it provides spatially consistent temporal patterns due to its incorporation of prior knowledge. In contrast, our ML
models rely solely on data-driven representations, and may be sensitive to data shifts due to generalization beyond data
support and data types. Given this, the overall moderate agreement with GLEAM is not surprising and does not imply poor
model performance. Rather, we interpret divergences—especially in tropical and arid regions—as a consequence of low data
availability and known challenges in these environments.

Temporal correlation with gleam improved notably for the 1stm model in arid and some tropical regions when additional

covariates were included (Fig. *?)indicate-that the-distributionsh
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{Ism)j-onaglobalannual-seale—The-8c¢). This improvement was not observed for xgboostmodet-demonstrated-considerably
tower-variabitity-across-eross-vatidation-members—, which showed a slight degradation, particularly in arid climates, nor
for fcn, which remained largely unchanged. We attribute the improved performance of sequential models primarily to the
inclusion of precipitation, consistent with their enhanced performance on anomaly scale at site level when this covariate was

added (Fig.
of4).

similar improvement in arid regions. At site level (Fig. 4)-where-the-performance-of £en 5), tcn %&MB@@S’W
on the anomaly scale, albeit with higher model uncertainty. This could suggest that 1stm learns a more robust representation
of temporal dynamics in these regions, which is not evident from the site-level cross-validation as those regions are largely.
absent from the training data. In contrast, tcn may be more sensitive to distribution shifts. There is evidence that 1stm
architectures are better suited for capturing hydrologically relevant temporal patterns compared to convolutional models
(Kraft et al., 2025). While the 1stm can theoretically access the full temporal context, tcn is constrained to a fixed temporal
window of approximately 8 days in both the met +rs and xgboost was-nearly-identical-across-various-seales-and-datasetups-

ith-full setups (Tab. Al).
Note that this temporal context is, for the xebeosttcn: ~Hewe\+qu4eeesE wa%ﬂet—&&eufhefameﬂgme«mede}q—m{efm%

hyperparameters. This limited context may explain its reduced ability to generalize temporal patterns in data-sparse regions.

In summary, temporal dynamics remained relatively consistent across methods. Sequential models, especially 1 stm, benefited
from richer covariate input, particularly precipitation, improving alignment with an independent product in arid regions. This
highlights the added value of using sequential models for representing temporal dynamics in ET modeling and upscaling, yet
the interaction between model architectures and covariates, particularly in data-sparse regions, also suggests that a profound
covariate selection is necessary to identify best-working setups.

4.3 Lessons learned and outlook
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4.3.1 Site-level performance: small but consistent advantages for sequential models

At the site level, sequential models consistently outperformed non-sequential models in-ET-fux-modeling{(seefor ET flux
615 prediction, especially when evaluated on the anomaly scale (Fig. 4). Thlsﬁﬂdmgﬁs—eeﬂststew&h—fhefesu}ts—by%esnafd«ekal—(%@%

with previous findings for NEE modeling (Besnard et al., 2019), suggesting that temporal dependencies, such as vegetation

indiees;-were-ineorporated;-ecosystem memory effects, are captured more effectively by models with recurrent or convolutional
memory. The inclusion of remote sensing variables (e.g., vegetation indices) reduced the performance gap between sequential

620 and non-sequential models {e-g:

although-latter continued-to-exhibit superior by providing state proxies, although the advantage for sequential models persisted.
Adding precipitation from reanalysis further improved performance at the anomaly scale—ttis-coneetvable-thatadvanced-deep
tearning-, particularly for the sequential models, confirming the value of dynamic hydrological information. However, these
improvements were relatively modest, indicating that data availability and quality, rather than model architecture, remain
625 the primary bottlenecks. More advanced architectures, such as these-based-on-transformers;—might-further-enhance-medel

fusion—transformer—showed-temporal transformers, may offer further gains, but recent work in GPP modeling has shown
only marginal improvements —ahgmﬁg%%h»etwebsewa&efw Nakagawa et al., 2023), providing further evidence that EC

flux modeling remains-is still a data-limited

630 dateproblem.

4.3.2 Global upscaling: both model architecture and covariates drive uncertainty

635 Small changes in the covariate setup led to moderate differences in global ET means (Fig. 6)-Sequential-deep-learning-models

underseores the eritical role-of-, especially for xgboost with the full setup, which showed an increase of 10% in global ET,
640 supposedly due to strong leverage effects of PETs in sparsely sampled regions. The moderate differences were partially due to
error compensation. While we found no clear evidence that any architecture yields more realistic absolute ET estimates, our
results point to systematic biases that depend on both model design and the covariates used. This highlights the importance of
methodological choices, including architecture, covariate selection, and cross-validation s data-handling; and-Mi-configuration
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4.3.3 Spatio-temporal patterns: robust dynamics, variable magnitudes

Despite differences in magnitude, all models showed consistent temporal ET patterns and strong alignment in anomaly correlations,
both among themselves and, to a lower extent, also with the GLEAM product (Fig. 8), yet the robustness drastically decreased

665 outside of the training domain. With the inclusion of precipitation and PETs in the full setup, the sequential models—particularly
Lstm—showed improved temporal agreement with GLEAM in arid regions, supporting their value for representing soil
moisture-related memory effects, However, these benefits were largely limited to the temporal dimension; biases in global
means and ensemble spread remained pronounced, especially for data-sparse regions where additional covariates such as PETs
introduce high leverage. Given their lower computational complexity and more stable behavior, we find that non-sequential

670 models like xgboost currently offer a pragmatic and robust solution for global-scale ET upscaling. especially when paired
with carefully selected meteorological and remote sensing inputs.

4.3.4 Outlook: addressing biases and uncertainties in data-scarce regions

Moving forward, reducing model biases and uncertainty in upscaling requires both methodological advances and improved
data. Rather than prioritizing complex model architectures, future efforts should focus on four complementary pathways:

675 i) Feature selection and additional data constraints: Deep learning presents promise for enhancing flux modeling and

upscaling, and offers advanced computational techniques capable of managing complex, non-linear interactions within ecosystems.
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However, to maximize the effectiveness of deep learning in such a data-limited setting, it is essential to implement additional
constraints and integrate richer data sources (Reichstein et al., 2019). The accuracy of deep learning models heavily relies
on the quality and diversity of the input data (Karpatne et al., 2019). Enhancing these models with additional covariates
680 that accurately reflect ecological and atmospheric conditions can significantly improve their predictive power. Additionally,
expanding the network of flux stations and sharing the data for scientific applications would enhance the data base to cover
more diverse ecological conditions and climate zones, thereby enriching the training data used for model calibration and
validation. Furthermore, applying constraints at a regional level, akin to the approach by Upton et al. (2024), who used an
ensemble of atmospheric inversions of NEE as large-scale guidance for flux upscaling, could be used to reduce biases. For ET
685 modeling, large-scale water balance could be used as a regional constraint, for example.

ii) Additional data sources: To further refine the performance of deep learning approaches in EC measurement upscaling, it
could be beneficial to tap additional data sources. Approaches such as transfer learning can be particularly effective (Caruana,
1997; Pan and Yang, 2010). By applying knowledge gained from one region to another, or from related and richer datasets,
models can achieve better generalization, especially in data-sparse areas. To deal with shifts in covariates due to the various

690 reasons discussed previously, domain adaptation (He et al., 2023) could provide a useful toolbox to reduce upscaling biases.

iii) Physical constraints: As a complementary pathway, incorporating prior scientific knowledge into deep learning models
could help address challenges associated with data extrapolation and distribution shifts encountered in upscaling (Reichstein
et al., 2019; Kraft et al., 2022). Such integration aids in aligning model outputs with established physical laws and ecological
principles, thereby improving the reliability of the predictions (Reichstein et al., 2022). Physics-informed and hybrid physics/ML

695 approaches represent a cutting-edge direction in the field of flux modeling, as they merge the empirical strengths of deep
learning with the deterministic nature of physical models. For upscaling into undersampled regions, such constraints can
nudge the model outputs towards physically more plausible solutions. As an example, encoding simple relationships between
precipitation and evaporation, or vegetation and transpiration, could help reducing ET estimates in arid regions, where EC
stations are lacking. Although challenging, more comprehensive physical process parameterizations, such as the Penman-

700 Monteith equations, can be combined with machine learning to estimate ET (Zhao et al., 2019; ElGhawi et al., 2023). This
could, in principle, reduce the widely reported regional biases in upscaling EC fluxes with machine learning, which we

identified to-be-as currently the main challenge in flux upscaling.

ly) Systematic benchmarking: Finally, systematic benchmarking frameworks, such as FLUXCOM:-X (Nelson & Walther et al., 2024)
» are essential for disentangling the complex interactions between models, covariates, and evaluation setups. Such frameworks
705 enable controlled ablation studies and targeted diagnostics, helping to build a more transparent understanding of uncertainty
sources in ML-based flux upscaling.
In conclusion, while deep learning provides valuable tools for modeling land-atmosphere interactions, the key to better global
ET estimates lies in more comprehensive observational data, thoughtful covariate selection, targeted physical constraints, and
methods to reduce extrapolation bias—rather than in model complexity alone.
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In this study, we assessed different data—setaps-and-Ml—covariate setups and machine learning approaches for modeling ET
fluxes at EC-sites-in-a-eddy covariance sites through cross-validationsetup-and-assessed—, and evaluated the robustness and

quality of upsealed-ET-at-a-global-sealeglobally upscaled ET estimates. From our analysis-at-the-site-levelgite-level analysis,

we conclude that sequential deep learning appreaches-models can outperform non-sequential models for ET flux modeling--

articularly on the anomaly scale. The sequential models learned-captured memory effects related to water availability,
which led-to-a-better representation-of-arid-and-wet-conditionsimproved their ability to represent temporal dynamics of ET.

However, when adding remote sensing observations, the advantage of using sequential- mode e T e R aaase

wr-this advantage diminished when remote
sensing covariates were included, as these effectively act as proxies for ecosystem memory. Adding precipitation as a covariate
led to small performance improvements, especially for sequential models and on the anomaly scale, confirming its value in
representing hydrological constraints. The inclusion of PFTs increased the ability of the models to capture spatial variability.
across sites, yet their discrete nature raises concerns about their broader utility. We, therefore, recommend further exploration of
alternative static variables or targeted feature selection to keep-the-number-of-covariatestoewmaintain a parsimonious covariate

set.

The-Globally, sequential and non-sequential models yielded-produced small but systematic differences of-glebal-meanET:

—in mean ET. suggesting that different model
types learn distinct representations and respond differently and randomly when extrapolating out of the training distribution.
When using PETs as additional covariate, both divergence of spatial means of ET among models and ensemble spread within
models increased, particularly in arid regions where data support is limited. This highlights the large leverage of the PETs on
upscaling results when extrapolating out of the covariate space, and underscores the need for better understanding of the role
of covariates in upscaling. While the sequential models suffered from similar biases as their non-sequential counterparts, they.
achieved better temporal alignment with the GLEAM product, particularly when precipitation was included.
Given-the-additionat-eomplexity-of theIn the context of our experiments, we can answer the research questions posed in the

introduction as follows:

—_

) Do the sequential models lead to more realistic and robust global and regional ET estimates?
No, sequential models yielded lower global ET estimates than expected from independent estimates. However, the larger
estimates of the non-sequential models were likely due to an overestimation of ET in arid regions. The sequential models,
especially the LSTM, were more robust to covariate shifts, though, supposedly due to their lower dependency on PET
due to their ability to link spatial variability to temporal features in the covariates.
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b) Do the sequential models capture the temporal dynamics of ET better?
Yes, the sequential models captured temporal dynamics better than non-sequential models, at both site and upscalin
level, particularly when using precipitation as additional input and with the LSTM architecture.

¢) How stable are the sequential models to the covariate setup and training data subsets, compared to the non-sequential

models?.
The sequential models showed a similar ensemble spread than the non sequential neural network, indicating that robustness
towards training data subsets is rather linked to the model type (decision tree versus neural network) than to the sequential

nature of the models.

Considering the added complexity and computational cost of sequential neural networksand-the-sequential-datahandling,
the relatively small-performanee-inerease-modest performance gain at site level, and eonsidering-the-underestimation-of ET
gmﬁmwmmmmmmmm@ummmm we conclude that
ythese models are not strictly
required for global ET upscaling. Non-sequential machine learning approaches, such as XGBoost, can provide-comparably
robust-predietions-deliver similarly robust estimates across scales when paired-with-good-quatity-supported by high-quality
meteorological and remote sensing covariates. Yet, XGBoost overestimated ET in arid regions, which raises some concerns,
but these are also not exclusive to this model type. Particularly the LSTM architecture was robust towards covariate setups
and able to learn subtle temporal dynamics, which could be beneficial in specific applications. These findings highlight the
importance of structural model diversity in ensemble setups to assess the robustness and uncertainty of upscaling results.

The potential ef-for upscaling ET to a global scale via-modern-Ml-approachesseems-to-betimited-using modern ML methods
is constrained by the information content in-the-EC-stte-level-data;and-henee-and representativeness of the EC training data,

As such, seemingly small changes in the

stations; covariate setups can exert large influence over upscaling results, particularly in data-sparse regions. To enhance the
robustness and physical consistency of global ET products, we recommend pursuing complementary strategies: integrating
richer covariates, increasing EC site coverage, applying regional constraints, related-data-via-leveraging transfer learning, and
fheﬁﬁeerpem&eﬁeﬂqngpgggmg\pnor scientific knowledge eould-inerease-both-the-robustness-and-physical-consisteney-of-the

giesinto ML architectures. By following these pathways, deep learning

has the potential to detiver-merepreeiseproduce more accurate, robust, and physically grounded predictions of terrestrial
evapotranspiration across diverse environmental seenariossettings.

. TEXT

30



775

780

785

790

795

. TEXT

The upscaled ET fields generated for this study are available from the corresponding author upon reasonable request.
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Appendix A

Table Al provides an overview of the hyperparameter search space and the best-performing combination of settings for each
model and covariate setup. We sampled 20 random hyperparameter configurations for each model, evaluating them via early
stopping on a validation set to determine the final selections. For the tcn model, the temporal context length considered
(temp._ contex) depends on the hyperparameters of the model, leading to a range from about 4 days (91 hours) to about
19 days (451 hours). The number of parameters in each model (# parameters) was derived from the chosen architecture,
highlighting that the complexity increases substantially with deeper layers or larger hidden sizes.

Appendix B

Table B1 displays the eight cross-validation groups, each column representing one group, with its corresponding eddy covariance
site IDs. We used this grouping to ensure that training and validation sets differ systematically across folds, minimizing spatial
autocorrelation effects at the site level, The sites within each group span a range of climatic and ecophysiological conditions,
allowing for more robust evaluation of model generalization.

. BK implemented the model architectures and data pipeline for the neural networks and performed the analysis. He took the lead in writing
the manuscript. N, SW, FG, MJ, BK, and ZH contributed to the FLUXCOM-X framework, on which this study builds upon. SW, JN,
FG, UW, and MJ provided, processed, and cleaned the datasets used. BK, JN, SW, MJ, GD, MRe, and WZ contributed to the scientific
evaluation of the results. MK, MRu, and DT contributed with their expertise to the data-scientific and machine learning aspects of the study.

All co-authors contributed to the manuscript.
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Table Al. Hyperparameter search space and the best performing hyperparameter per model and setup. The best combination was found by

evaluating 20 random samples based on early stopping validation loss. The xgboost and fcn models are non-sequential, the 1stm has

minimum of one year (9k hourly time steps) and maximum of two years of theoretical context (18k hourly time steps), and the t cn model’s

temporal context depends on the hyperparameters (reported in the row temp.

days. The number of parameters per model is reported in the row # parameters.

context), ranging from 90 to 450 hours, i.e., about 4 to 19

Model Hyperparameter Search space Selected hyperparameter per setup
met+ met+ met+
met met+pfEprec - met+trs pft = mett+pfEtrs rs
xgboost max_depth {6, 8, 10, 12} 10 10 12 8
learning_rate {1072,107,2x 1071} 107! 1071 1071 1071
min_child_weight {1, 5,10} 1 Iy 5 5
max_delta_step {1, 5,10} 10 10 10 5
# parameters derived 208209K 212K 640K +32128K
fcn num_hidden {128, 256} 128 128 128 256
num_layers {3, 4} 31 31 41 32
dropout {0.0, 0.2} 0.2 0.2 0.2 0.2
learning_rate {107,107, 107%} 10°° 10" 1076 10°°
weight_decay {107,1072,107", 10%} 10-? 10" 107° 10?
# parameters derived 17K 17K 19K 134K
ten num_hidden {64, 128, 256} 64 256 256 256
num_layers {2,3,4} 4 AL 3 4
kernel_size {4, 8, 16} 16 4 16 4
dropout {0.0,0.2} 0.2 0.2 0.2 0.2
learning_rate {1075,1075, 1074} 1076 lwo;‘i 1076 107°
weight_decay {1073,1072, 1071} 1073 +0-11072 1072 1072
temp. context derived 450451 21691 96211 9691
# parameters derived 473K 5600K-2.0M 2000K-5.6M 2200K-2.0M
lstm num_hidden {64, 128, 256} 128 256 256 128
num_layers {1, 2} 2 1 g 2
dropout {0.0, 0.2} 6-0.0 0.2 0.2 0.2
learning_rate {1076,1075, 107} 1074 1074 10~ 106
weight_decay {103,102, 1071} 107! 1021071 1073 10°
# parameters derived 217K 336K 344K 219K
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Table B1. The eddy covariance site groups used for cross validation. The eight groups correspond to columns, the items correspond to site
IDs.
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