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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 complemen-
tary methodology that is independent from process-based and semi-empirical approaches. However, a systematic evaluation
of the skill and robustness of different 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 convo-
lutional network (TCN)—for the modeling and upscaling of ET. We compared different types of covariates (meteorological
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 combinations of covariates—meteorological
and remote sensing observations, and with precipitation 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.

In particular, we investigate three questions regarding the performance of sequential models compared to the non-sequential
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models in the context of spatial upscaling: a) whether they lead to more realistic and robust global and 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 variability were relatively consistent across the ML models overall, 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 uncertainty
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, should be further investigated. Deep learning for flux
upscaling holds large promise, while remedies for its vulnerability to training data distribution changes still need consideration

by the community.

Copyright statement. TEXT

1 Introduction

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 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 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).
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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.

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 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 incorporate past system exposure, such as temperature or pre-
cipitation. 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 avail-
able at all EC 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 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).
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ET can be quantified at large scales employing process-based paradigms, i.e., land surface models, or semi-empirical ap-
proaches, 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, 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 com-
putational 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
etal., 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, regres-
sion 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 built upon non-
sequential models, and they account for memory via manually designed features, such as seasonal amplitudes or water avail-
ability 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-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.

Non-sequential ML approaches, however, cannot represent temporal variable interactions beyond the observable state prox-
ies 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. Re-
ichstein et al. (2018) applied RNNs to model weekly net ecosystem exchange of carbon (NEE) from 9 European flux stations
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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 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 thée factostandard, 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 ef ciently. 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 ux
modeling, 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 approach
for the upscaling of EC uxes, and about how these models respond to other issues inherent in upscaling, such as limited and
unevenly sampled training data and distribution shift from the local point data to gridded elds.

In this study, we provide a systematic comparison of different machine-learning approaches to the modeling of site-level ET
uxes and 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 fo
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 performance
at the site level in a cross-validation setup and assess the relevance of dynamical memory effects for ET modeling. For each
model, we conduct a feature ablation experiment, where we drop feature groups. The groups considered in addition to me-
teorology 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 d
scriptors of site characteristics. We provide and investigate cross-validation—based upscaling ensembles from the independer
cross-validation models to test for robustness. To assess the impact of the model architecture on upscaling, we contrast ou
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 they are able to capture the temporal dynamics of ET better, and ¢) 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 land-atmosphere ET ux 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.



140

145

150

155

160

165

170

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 Ameri ux releases when present. In total, we used
287 sites with approximately 19 million hourly observations of ET and meteorological conditions. The approach by Jung
et al. (2023) was used for quality agging. We used latent heat energy as target ux and convert it to ET assuming a constant
latent heat of vaporization of 2.48Jmm *. The following meteorological covariates were considered: near-surface air
temperatureTair), vapor pressure de cit (€), shortwave irradiationR;»), potential shortwave irradiatiomR{s, por), @and time-
derivative of potential shortwave irradiation Rin, poy). 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®) 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. These include
the enhanced vegetation index (EVI, Huete et al., 2002) and the normalized difference water index (NDWI, Gao, 1996),
both retrieved at site level from the MCD43A4 product and quality ltered based on the MCD43A2 product (spatial resolution
of 500 m, Schaaf and Wang, 2015a, b), and from MCD43C4 for the global data runs (spatial resolution of Sd@maf
and Wang, 2015c). Additionally, the land surface temperature (LST) was obtained from MOD11A1 at site level (Wan et al.,
2015a, spatial resolution okin), and from MOD11C1 globally (Wan et al., 2015b, spatial resolution of §.08though the
MCD43A4 product for the re ectances uses observations from a period of 16 days to characterize and invert the bidirectional
re ectance distribution function of a given pixel for the day at the center of the period, this operation 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 & 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 encodin
represents categorical variables as binary values, assigning a unique binary digit to each category. Sample time series of th
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. The hourly data was spatially resampled to a resolution of Dty bi-linear interpolation. This data
was also used to Il 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 n
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Figure 2. One-year time series from the Hainich site (DE-Hai) in Germany. Meteorological covariates (hourly): near-surface air temperature
(Tair), vapor pressure de cit ( €), shortwave irradiationRi»), potential shortwave irradiatiofR{,, por), time-derivative of potential shortwave
irradiation ( Rin, pot), @and precipitation®). Remote sensing (daily): enhanced vegetation int¥#ex ), normalized difference water index
(Vnowr), and land surface temperatuiie (). Land-atmosphere target ux (hourly): evapotranspiratigs).

represent the ground truth, but are estimates derived using different approaches, independent from the data-driven upscalin
performed here.

3 Methods
3.1 Experimental setup

We evaluate a set of sequential and non-sequential ML models at the site level in a leave-sites-out cross-validation setup.
The models are trained with different types of covariates: meteorological site-level observations without precipigtjon (
precipitation from ERAS [frec ), remote sensingg ), and PFTsft ). These experiments with different sets of variables

as model inputs are summarized in Tab. 1. In total, six covariate setups were tested and combined with ve machine-learning
models, i.e., thirty models were trained and evaluated at the site level. For the evaluation, we use the Nash-Sutcliffe modeling

ef ciency (Nash and Sutcliffe, 1970)
P

NSE=1 Pt;l (Yt 91)2 (1)
=1 (e Y)?

wherey; is the observed angj the predicted ET at timg andy represents the mean of the observations. The NSE is calculated
per site and can take values frofin to 1 and re ects model performance relative to the mean of the observations. Values
aboveO indicate better prediction than using the mean observations] @&nd perfect prediction. Note that for the evaluation

of spatial patterns, the NSE was not computed per site but across sites, which corresponds$.to the R
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Table 1. The ablation experiment with different covariate groups: Meteorological without precipitatieny hourly), precipitationgrec ,
hourly), remote sensing—based ( daily), and plant functional typef{t , constant). Each item corresponds to a unique covariate setup.

Setup Covariates

met Tair, € Rin, Rin,pott  Rin, pot
met+prec met +P

met+pft met  + Sper

met+rs met  + Vewi, Vnowr, Tsurf
met+pft+rs met  + Vew, Vnowr, Tsurf + Sper

met+prec+pft+rs (=full ) met+P + Vew, Vnowr, Tsurf + Sprr

met: near surface air temperatufe;; vapor pressure de cit e; shortwave irradiatiom jn;
potential shortwave irradiatioR in, pot; time-derivative of the potential shortwave irradiation

Rin, pot; Prec : precipitationP ; rs : enhanced vegetation ind®¢y; normalized difference
water indexVnpwi; land surface temperatulay; pft : plant functional typeSper.

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
Pt = F (Xst k:t:Cs) - (2

Here,X st k2 RK*D) P are theD dynamic input covariates with up # antecedent time steps, ang2 RM are the

M static (constant) input features. The target ux of ET is representgd.@a® R at sites and time stef. Note thatk =0

with only instantaneous covariat¥ss.; is a special case where no antecedent time steps are considered (i.e., a non-sequential
model). We aim to nd the parameters

=argmin L(f (X st «:t;Cs)iYt) 3

of a functionf that minimize the loss functioh, given by the mean squared error (MSE).

As baselines, we used a linear regressioreérreg ) as well as two non-sequential models, a fully connected feed-
forward neural networkf¢n ), and extreme gradient boostinggpoost ). The latter was also used in the recent state-of-the-
art global upscaling produstbase (Nelson & Walther et al., 2024). The setup for these models was largely consistent with
xbase , i.e., the same covariates were used here plus precipitation. The remote sensing and PFT covariates were repeated i
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 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 twc
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Figure 3. The three neural network layers used in this stuya feed-forward neural network) a temporal convolutional network (TCN),
which applies causal (i.e., does not consider future time steps) 1D convolutions in the time dimensijradmag short-term memory
(LSTM) model, which uses recursion for information ow in the time dimension. The model ingyis) @t sites and timet are mapped to
the outputfs; .

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 eld, the temporal context
considered by the TCN depends on its hyperparameters. The neural network-based models use the building blocks illustratec
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 covariate setups. To decreas
the dependency between the sets, we ensure that sites in close spatial proximity (belatistedse) 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%), 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 humber of validation steps (the
“patience”), model training was halted, and the best parameters were restored. With these parameters, the model was applie
to the independent test set. This approach yielded independent predictions for each site, which we then used to evaluate th
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 rst 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.
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We used a random search over a prede ned set of hyperparameters. For each model, 20 parameter sets were sample
uniformly with replacement. The sets are reported in Table Al 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 ekceptriey
which has no hyperparameters. The same hyperparameter set was used throughout the cross-validation for each model setu
Thus, the cross-validation ensemble is composed of models with the same hyperparameters, but trained on different subsets ¢
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.

3.4 Upscaling

To achieve global coverage, we fed the models with harmonized and gridded data from 2001 to 2021 witpéatieh

and hourly temporal resolution. Due to the high computational demands of the upscaling, we decided to use only two well-
performing covariate setups across all models. We selectadehias and themet+prec+rs+pft (full ) setups as they

were among the best-performing setups. Tihearreg model was excluded, as it performed signi cantly 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, 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 globa

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 c

sequential model architectures on reproducing ET observed at EC sites.

10
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Figure 4. Site-level evaluation for modeled evapotranspiration: Median Nash—Sutcliffe model ef ciency (NSE) across sites for different mod-
els (lines) and covariates (x-axis) for various scales (panels). The shaded area represents the range of the top six models from hyperparamet
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 be
model is not necessarily the top performer in terms of NSE. The scales shovawafer hourly,daily ~ for daily aggregateseasonal

for daily seasonaknom for daily anomaliesdaily minusseasonal ), andiav for interannual variability. Thepatial  scale re ects

the NSE across site mean values, indicating the ability of the models to capture spatial variability. For certain temporal scales, some sites hac
to be excluded due to missing or in nite values; the number of sites used is indicated in the respective panel title.

4.1.1 Model performances across scales

Figure 4 presents site-level 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). Overall, model outcomes were more in uenced by the choice of
covariates than by the ML algorithm used. Notably, a signi cant interaction between ML models and covariates was observed.

In general, the ML models outperformed linear regression by a substantial margin. @wthenddaily time scales,
sequential models exhibited the best performance, maintaining stable NSE values of 0.7%&x0)7&nd 0.60-0.65daily )
across data setups. Non-sequential models performed worse when using only meteorological covariates but showed signi can
improvement when remote sensing covariates were included, achieving similar performance to sequential models.

On the seasonal scale, sequential models outperformed others in the absence of remote sensing covariates. However, whe
remote sensing covariates were included, the performance differences between models became less pronounced. For anom
lies, adding remote sensing covariates enhanced model performance across all setups, with sequential models consistentl
outperforming non-sequential models. Notably, this was the only scale where precipitation had a clear positive impact across
all models compared to thaet+rs+pft  setup.

11
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For interannual variability, model performance was generally poor across all setups, with no clear patterns, and the small
y-axis range underscores this. Adding PFTs and precipitation did not improve, and on the contrary in some cases, reducec
performance. On the spatial scale, model performance was similar across models, although sequential models exhibited ¢
slight advantage with thenet andmet+prec setups. Including PFT covariates notably improved performance for all models
on this scale.

Regarding model uncertainty (shaded areas in Fig. 4), sequential models generally showed lower robustness than non.
sequential models, likely due to their added complexity. Sequential models consistently outperformed non-sequential ones on
theraw scale. On thalaily andseasonal 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 performanc
range and large model uncertainties on idne scale, caution is needed when interpreting these differences. Similarly, the
differences on the spatial scale were minimal, and the relative uncertainties were large.

Next, we discuss the broader implications of these ndings. The linear mddesaifeg ) consistently underperformed
because evapotranspiration is governed by complex interactions and non-linear functions, making the advantages of ML meth-
ods particularly evident. While sequential models showed only marginal improvement when adding covariates related to
ecosystem state, non-sequential models exhibited more substantial improvements. This serves as a sanity check for the se
quential models: they were able to extract additional information from the temporal meteorological covariates, as expected.
However, incorporating remote sensing covariates improved and stabilized their performance. Conversely, this suggests thal
remote sensing covariates serve as useful proxies for ecological memory: while sequential models could extract additional
information from antecedent covariates, most of this information appeared to be contained in the remote sensing covariates,
allowing non-sequential models to achieve similar performance.

On the anomaly scale, we observed a more noticeable performance increase when considering remote sensing even for th
sequential models. This is important, as anomalies are crucial for studying and quantifying ecosystem responses to uncommot
or extreme conditions. This performance increase could be linked to processes observable by remote sensing but not directly
derivable from meteorology, such as the effect of management on crops and forests and natural disturbances. Here, addin
precipitation improved the performance of all models. This is not surprising, as precipitation is a key driver of ET through its
in uence 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 performancéaon guale was
also reported by Jung et al. (2019) and Nelson & Walther et al. (2024).

It is worth noting that adding PFTs as covariates did not improve, and in some cases even reduced, model performance on the
temporal scales. On the spatial scale, however, their inclusion was bene cial, highlighting the potential importance of spatial
covariates for modeling EC uxes and upscaling. PFTs have long been criticized for not accurately representing the continuous
characteristics of ecosystems (Reichstein et al., 2014; Kattge et al., 2011). Our experiments suggest that while adding PFT
provides additional information for representing spatial patterns, they may also harm extrapolation on other scales, arguably

due to the in ated covariate space; indeed, each of the nine PFTs introduces another input dimension due to one-hot encoding
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Figure 5. Comparison of a sequentids{m ) and a non-sequentiakgboost ) model in terms of absolute error and mean predicted ET

in the space of observed evapotranspiratioshortwave irradiation: Panal) andb) show thedifference in absolute errobetween the

Istm andxgboost models, witha) showing the difference when only meteorological covariates are usedh)ambwing the difference

when precipitation, remote sensing, and PFT covaridtés ( setup) are included. Here, magenta indicates cases where the sequential
model outperforms the non-sequential model, and green vice-versa. The bottomg)ameld) show thedifference in mean predicted ET
between théstm andxgboost models for the respective covariate setups. In these panels, red colors indicate an underestimation of ET
by xgboost compared tdstm , and blue indicates the opposite. The histograms represent the marginal data distribution.

We therefore recommend exploring alternative spatially continuous variables, such as soil properties or plant traits, that could
summarize ecosystem functional properties.

These ndings advocate for comprehensive feature selection to identify more relevant static features, thereby avoiding un-
necessary in ation of the input dimensionality. Alternatively, or in addition, location embeddings, such as SatCLIP (Klemmer

et al., 2024), could improve model generalizability by providing a condensed representation of land surface characteristics.
4.1.2 Memory effects matter

As previously mentioned, the performance gap between the non-sequential and sequential models decreased when remo
sensing observations were incorporated as covariates. We explore these differences in Fig. 5: As shown in the top-left panel
(Fig. 5a), which displays the absolute error difference betweetstiee andxgboost models, non-sequential models per-
formed worse when high incoming radiation 200 Wm ?2) was paired with either low or high observed ET. To represent
these conditions, the models must implicitly learn about water availability. It appears that the sequential model was able to
learn proxies of wetness from the meteorological time series, whereas the non-sequential model was unable to do so. Insteac

the non-sequential model seems to have learned an average behavior, which performed well in most situations.
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When remote sensing covariates were added as well as PFTs and precipitation, the differences in performance were reduce
but not entirely eliminated (Fig. 5b). This interpretation is further supported by the bottom panels, Fig. 5¢-d, which show the
difference in mean predicted ET between the sequential and non-sequential models. With access to only meteorological covari-
ates (Fig. 5¢), the non-sequential model overestimated ET with high incoming radiation but low observed ET—representing dry
conditions that the model failed to recognize. In contrast, high observed ET was underestimated by the non-sequential model,
which likely corresponds to wet conditions. After incorporating remote sensing, PFTs, and precipitation covariates (Fig. 5d),
the performance differences were substantially reduced. This comparison underscores the importance of memory effects in ET
modeling and illustrates how remote sensing covariates, while useful, are not perfect proxies for ecological memory.

Furthermore, including precipitation may be bene cial 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 fioetthe and thefull
(met+prec+rs+pft ) 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 sensec
observations or PFTs as covariates. However, when scaling globally, data distribution shifts can (and will) affect different model
types in different ways. 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 EC station

locations.
4.2.1 Global patterns of evapotranspiration

Figure 6 shows global annual ET estimates for all ML models and the two selected covariate setups. vét+the setup,
non-sequential modelggboost , fcn ) estimated abow85 10° km®y 1 global annual ET, which is close to the land surface
models [sm ) ensemble mear6é:7 6:9 10° km3y '), while sequential modelsdn , Istm ) predicted roughly 8% lower
values 69:8and61:8 10° km3y !, respectively). With théull  setupxgboost showed the strongest increase in global ET
(+10%), whilefcn , Istm , andtcn increased modestly (1%, 0.5%, and 5%, respectiveypoost was closest tgleam
andxbase , whereas neural networks aligned more wstm estimates.

Figure 7 displays spatial patterns of ensemble mean ET per model and covariate setup. The models aligned well spatially
in themet+rs setup (Fig. 7a), with lower ET by sequential models especially in regions in the Southern Hemisphere which
have sparse coverage by EC stations. fille setup (Fig. 7b) revealed stronger divergences across models, particularly in
arid zones such as the Sahara and Arabian Peninsula and generally in the subtropic zones. Figure 7c shows that changes in E
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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 moahels;hesetup (meteorological and

remote sensing covariates) is shown in light grey, whileftile setup (meteorological, precipitation, remote sensing, and PFT covariates)

is shown in dark grey. The data from a number of land surface mobdafs)(the GLEAM product ¢leam ), and FLUXCOM X-Base

(xbase ) are added as reference.

estimates due to covariate setup differences were low in temperate zones but more pronounced in arid and tropical regions. Thi
Istm appeared relatively robust across setups.

A temporal anomaly correlation analysis (Fig. 8) reveals high agreemen0(8) between covariate setups in most areas,
except for arid zones, and only then maintained high consistency globally. A comparison vgteam (Fig. 8b) showed
moderate correlations (mean 0:5), with discrepancies mainly in tropical and arid regions. Figure 8c highlights where
models improved alignment with GLEAM when using additional covariai@s: improved slightly, whilelstm improved
most consistently across dry regions.

Figure 9 shows uncertainty via median absolute deviation (MAD) across ensemble members based on monthly values.
xgboost had the lowest spread overall, with modest increases in tropical and more pronounced increase in arid zones in
thefull  setup. The neural networks showed higher ensemble spread: in the tropics and subtropiceé&itthe, and in
arid regions for thdull  setup. In the latter, uncertainty patterns aligned with ecosystem boundaries, likely re ecting PFT
transitions.

We saw that models showed biases in terms of global ET sums, but apartdtmwuost , the values were relatively robust
to changes on covariate sets. From the spatial and temporal patterns (Fig. 7, Fig. 8, and 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
are related to the technical setup (architecture and covariates) or to the variability in training data used in cross validation.
Therefore, we investigate the alignment of members shown in Fig. 6: We compute therljragad fank () 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
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Figure 7. Spatial model evaluation and comparison for thet+rs andfull  (meteorological, precipitation, remote sensing, and PFT
covariates) setup. Grid-level cross-validation ensemble mean ET for each model is shown in the @) fown{et+rs , and the middle
row (b)) for full . The rst column representggboost , and the remaining columns show the differencegboost . The bottom row))
shows the differencenet+rs minusfull . The color scale is consistent across panels and re ects mean f@fid *. Inset histograms

show the distribution of values weighted by grid cell area; the median is indicated by a dashed black line.

from xgboost were highly correlated between setups=(0:90, =0:76), suggesting consistent behavior across training
data subsets. Neural networks exhibited lower correlation(:32-0:75), indicating greater variability. Overall, consistency

in upscaling behavior was not strongly tied to model type or covariate setup.
4.2.2 Model biases across architectures and covariate setups

370 Most models, particularly the sequential ones, estimated global ET—averaged across members—at the lower end of curren
estimates from independent methods of atiut 5 10° km3y ! (Jung et al., 2019), and comparedgleam andxbase .
Energy-balance non-closure at EC sites could depress ET by up to 20% (Jung et al., 2019), yet recent ndings suggest that the
closure gap may contribute only moderately to the global ET bias, as the closure gap very likely stems primarily from sensible
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