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Key points:
e Sub-daily day & night evapotranspiration (ET) estimates using machine learning and
geostationary satellite observations.
e High-frequency open-source ET data enables near real-time water cycle monitoring.
e Gradient boosting regression works well for daytime ET (R? of 0.74), while LSTM
improves nighttime ET (R? of 0.24, 0.03 higher than GBR).

Abstract

Evapotranspiration (ET) is a critical component of the water cycle, influencing climate,
agriculture, and water resource management. However, most satellite-derived ET products are
limited to daily or coarser temporal resolutions, despite the strong diurnal variability of ET
processes. Existing satellite-based ET retrievals are largely restricted to daytime conditions, when
nighttime ET is a small but often non-trivial flux. In this study, we introduce the Advanced
Baseline Imager Live Imaging of Vegetated Ecosystems ET (ALIVEgr), a near real-time, five-
minute ET estimation framework, leveraging geostationary satellite observations from the GOES-
R Advanced Baseline Imager (ABI) and machine learning models under both clear and cloudy
conditions. We test Gradient Boosting Regression (GBR) and Long Short-Term Memory (LSTM)
models to assess their ability to estimate ET variations across the diurnal cycle. GBR captures
daytime ET with an R? of 0.74 (normalized RMSE of 0-059-mm-hh*-equivalentto-about 74-W-m
#0.91) while maintaining low computational cost. For nighttime ET, where R*-decreases-by-about
0-50-compared—to—daytime—LSTM models trained on time-series observations perform better,
achieving an R2R? of 0.24 (RMSE-of0.004-mmhh nRMSE of 1.29) by leveraging temporal




dependencies in land surface temperature (LST) and past ABI observations. Comparisons against
daily ET estimates from the physically-based ALEXI remote sensing model demonstrates good
agreement but opportunities for improvement. This study demonstrates the potential of integrating
machine learning with geostationary remote sensing to advance high-temporal-resolution ET
estimation.

Keywords - Evapotranspiration, Machine Learning, GOES-R, Nighttime ET, Near Real-Time
Water Cycle Monitoring

Plain Language Summary

Evapotranspiration (ET) is how water moves from the Earth’s surface into the air, affecting
weather, farming, and water supply. Most satellite-based estimates do not simulate how ET
changes over the course of a day, and do not estimate at night, when ET is low but usually non-
zero. This study develops a machine learning-based system using weather satellite data to estimate
ET every five minutes, even at night and under clouds. We tested different machine learning
methods and found that some work better for daytime ET, while others improve nighttime
estimates by using past temperature data. This advancement helps improve water management,
weather forecasting, and climate studies by providing continuous, high-frequency ET estimates.
By combining satellite data with artificial intelligence, our work fills a major gap in understanding
how water moves between the land and the air throughout the day and night.

1. Introduction

As the second-largest flux in the terrestrial water cycle, evapotranspiration (ET) returns
approximately 60—80% of terrestrial precipitation to the atmosphere, eventually recycling nearly
all of it, thereby influencing regional and global climate patterns, water availability, and ecosystem
dynamics (Peterson et al., 1995; Tateishi and Ahn, 1996; Van Der Ent et al., 2010). ET also plays
a fundamental role in the carbon cycle through the coupling of its dominant term—, transpiration
through vegetation—, with carbon dioxide uptake via stomatal function (Katul et al., 2012; Pan et
al., 2020). Accurate ET estimation is essential for hydrological modeling, drought assessment, and
sustainable agricultural water management, particularly in the face of increasing global food
demand and freshwater scarcity (Sabir et al., 2024; Tran et al., 2023; Wanniarachchi and
Sarukkalige, 2022).

ET varies dynamically over the course of a typical day in response to environmental variability
and plant hydrological stresses. Ecosystem models struggle to simulate these dynamics, suggesting
gaps in our knowledge of key processes at the ecosystem scale (Brighenti et al., 2019; Matheny et
al., 2014). Retrieving sub-daily ET estimates from satellite observations to estimate theseits
dynamics at larger spatial scales also remains challenging due to cloud cover, sensor limitations,
and the need for robust methodologies to address data gaps (Qin et al., 2022; Ranjbar et al., 2024d;
Wang et al., 2023; Wanniarachchi and Sarukkalige, 2022). Moreover, most studies focused on
satellite-based ET retrievals are limited to daytime, assuming that nighttime ET is negligible.
While nighttime ET is often small it is typically non-zero and important to understand — especially
in arid and semi-arid ecosystems (Krishnan et al., 2012; Tabari et al., 2012) — for improving water
balance assessments and land-atmosphere exchange modeling. Addressing these challenges is
critical for advancing earth system monitoring, optimizing irrigation strategies, and improving our
understanding of land surface processes.



Remote sensing has revolutionized ET estimation, offering large-scale assessments through
optical, thermal, and microwave sensors (Fisher et al., 2026; Tran et al., 2023; Wanniarachchi and
Sarukkalige, 2022). Methods such as the Surface Energy Balance Algorithm for Land (SEBAL,
(Bastiaanssen et al., 1998)) and the Atmosphere-Land Exchange Inverse model (ALEXI,
(Anderson, 1997)) leverage thermal infrared observations to estimate ET by solving the surface
energy balance equation (Anderson et al., 2012; Wanniarachchi and Sarukkalige, 2022). Similarly,
models like the MODIS-based Penman-Monteith (McColl, 2020; Penman, 1948) and the Priestley-
Taylor Jet Propulsion Laboratory (PT-JPL, (Fisher et al., 2008; Ling et al., 2022)) frameworks
integrate satellite-measured vegetation indices and land surface temperature (LST) with
meteorological inputs for global ET estimation (Fisher et al., 2008). In addition, continental-scale
ET estimation has been advanced through physically based data assimilation frameworks, such as
GRACE-constrained water balance approaches (Rodell et al., 2004) and geostationary satellite-
driven energy balance models using Meteosat observations (Ghilain et al., 2014), which provide
near real-time and, in some cases, sub-daily ET estimates under all-sky conditions. These systems
rely on physically based parameterizations and ancillary meteorological inputs, whereas this study
explores a complementary data-driven approach to infer sub-daily ET dynamics directly from
high-frequency geostationary observations.

Existing ET products have inherent trade-offs between spatial and temporal resolution, as well as
data latency. MODIS-based ET products, for instance, provide global coverage but are constrained
to daily or eight-day resolutions, limiting their effectiveness in monitoring diurnal ET variations
(Zheng et al., 2022). Similarly, Landsat-derived ET estimates offer higher spatial resolution (30—
100 m) but have extended revisit times of 8 to 16 days that are unable to observe sub-daily
processes and may miss rapid temporal changes in ET (Bai et al., 2017; Yang et al., 2013).
ECOSTRESS, on the International Space Station, provides unique opportunities to estimate ET
across different times of day, but often requires extensive extrapolation to infer diurnal patterns
(Fisher et al., 2020; Hu et al., 2022; Meerdink et al., 2019).

Thermal infrared-based estimates of ET have a strong physical basis but are additionally
challenged by clouds, which obviously have a strong impact on ET by altering the surface energy
balance. Microwave-based ET retrievals, such as those from SMAP or AMSR-E (Sun et al., 2012;
Walker et al., 2019), offer all-weather capabilities but operate at coarser spatial scales (~10-50
km) (Sun et al., 2012). ET products derived from ensemble methods, such as OpenET, integrate
outputs from different remote sensing-based ET models to reduce impacts of individual model
biases. OpenET utilizes six well-established models to provide high-resolution (30-m spatial, daily
temporal) ET data, designed to support efficient water management and agricultural decision-
making (Melton et al., 2022). However, OpenET currently is primarily Landsat-based, restricting
its ability to monitor ET dynamics on a diurnal scale.

Geostationary satellites, such as the GOES-R series, present a transformative opportunity for high-
frequency ET mapping by providing reflectances, brightness temperatures and derived
environmental variables every 5-10 minutes (Khan et al., 2021; Ranjbar et al., 2024d, b). Recent
advancements in DSR and LST estimation show that brightness temperature data, even under
clouds, can be used through both physically-based and machine learning approaches (Liu et al.,
2023; Ranjbar et al., 2024¢c, b; Zhao and Duan, 2020). The Advanced Baseline Imager (ABI)
onboard GOES-R captures spectral information from visible to thermal wavelengths across all sky
conditions, enabling the inference of environmental variables based on cloudiness, radiation, and



moisture (Table 1). This capability allows for continuous monitoring of diurnal ET variations,
providing unique insights into water and energy fluxes at sub-hourly scales (Khan et al., 2021).
Physical remote sensing approaches struggle with missing data due to cloud contamination and
limited nighttime observations (Ranjbar et al., 2024d, b; Zhao and Duan, 2020). To overcome these
limitations, we leverage machine learning techniques to estimate ET under various sky conditions,
including nighttime retrievals. Specifically, we employ Gradient Boosting Regression (GBR,
(Friedman, 2001)) to capture nonlinear relationships between input features (Cai et al., 2020;
Dhake et al., 2023) and Long Short-Term Memory (LSTM, (Hochreiter and Schmidhuber, 1997))
networks for temporal dependencies to model ET on a five-minute interval across the GOES-16/19
CONUS scene. The integration of high-frequency observations from geostationary satellites with
machine learning models enhances near real-time ET estimation under all-sky conditions,
spanning regional to continental scales (He et al., 2019; Jeong et al., 2023; Khan et al., 2021;
Ranjbar et al., 2024d). We discuss the benefits and limitations of our approach, which we call
ALIVEEr (Advanced Baseline Imager Live Imaging of Vegetated Ecosystems) and compare
against a physically-based model that also uses geostationary observations, ALEXI, with an eye
toward clarifying the role of machine learning-based models in water cycle science.

2. Materials and Methods
2.1. Tower observations and ET calculations

We compiled_eddy covariance and micrometeorological data from AmeriFlux and NEON eddy
covariance towers following the methodology outlined in (Losos et al., 2024b). These publicly
available datasets include half-hourly (or occasionally hourly) fluxes of carbon dioxide, water,
heat;—meteerelogical parameters;_with meteorological and radiometric variablesmeasurements,
which undergo standard quality control (Pastorello et al., 2017, 2020; Sturtevant et al., 2022). Data
were filtered using quality control criteria, including the application of a friction velocity (u*)
threshold to address insufficient nighttime turbulence (Reichstein et al., 2012). We then
synchronized tower data with GOES-16 observations and data products (section 2.2), resulting in
a time series for 101 locations across the Contiguous United States (CONUS, Figure 1 and table
Al).
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Figure 1. Locations of AmeriFlux and NEON sites used in this study, overlaid on the International
Geosphere-Biosphere Programme (IGBP) land cover classification.

We used latent heat flux (LE) measured by the towers to estimate actual ET using Eq. 1 (Allen et
al., 1998), which we used as the training target and in situ data for validation and testing.



ET =% Eq. 1

where ) is the latent heat of vaporization. Assuming a water density of 1000 kg m™, this yields ET
in mm per time. The latent heat of vaporization varies slightly with temperature and can be
computed using Eq. 2 (Allen et al., 1998, 2006):

A =2501— (2361 x107) x Ta Eq. 2

Where Ta is air temperature in °C, and X is in MJ kg™!.

2.2. ABI observations from GOES-R satellite

We used the Level 2 Cloud and Moisture Imagery (CMI) observations and land surface
bidirectional reflectance factor (BRF) products from the ABI aboard the GOES-16 satellite, which
has been operational since November 2017. The ABI captures data across 16 spectral bands,
spanning the visible, near-infrared (NIR), shortwave infrared (SWIR), and infrared (IR)
wavelengths, with spatial resolutions ranging from 0.5 to 2 km at nadir, depending on the specific
band (Table 1, Goodman et al., 2019; Khan et al., 2021; Schmit et al., 2017). The CMI product
provides top-of-atmosphere observations whereas the BRF product offers atmospherically surface
reflectance data for the reflective bands at visible, NIR and SWIR channels (BRF01, BRF02,
BRF03, BRF05, BRF06, detailed in Table 1). The ABI provides full-disk imagery every 10
minutes and CONUS imagery every 5 minutes in its typical scan mode (Mode 6, (Goodman et al.,
2019; He et al., 2019)). For our analysis, we synchronized ABI data from 2019 to 2022 with
ground-based eddy covariance measurements from +0+94 AmeriFlux and NEON sites (Losos et
al., 2024b) across the GOES-R CONUS scene.

Table 1. Summary of ABI bands and their primary uses (Schmit et al., 2017).

ABI Band Wavelength | Band Primary Uses
(pm) Type
.. Monitoring aerosols (smoke, haze, dust)
COI/BRFO1 0.47 Visible Air quality monitoring through aerosol optical depth measurements
C02/BRF02 0.64 Visible Daytlm; monitoring Qf clouds (0.5-km spatial resolution)
Volcanic ash monitoring
High contrast between water and land
CO3/BRFO3 0.86 NIR Assess land characteristics, including flooding, burn scars, and hail damage
C04 137 NIR Thin cirrus detectlpn Qurmg the day
Volcanic ash monitoring
Daytime snow, ice, and cloud discrimination
COS/BRFO5 1.6 NIR Input to “Snow/Ice vs. Cloud” RGB
Cloud particle size, snow, and cloud phase
CO6/BRF06 2.24 NIR Hot spot detection at emission temperatures >600K
Low stratus and fog detection
co7 39 IR Fire/hot spot detection and volcanic ash
C08 6.2 IR Upper-level feature detection (jet stream, waves)
C09 6.9 IR Mid-level feature detection
C10 7.3 IR Low-level feature detection (EML, fronts)
Cloud-top phase and type products
cil 8.4 IR Volcanic ash (SO, detection) and dust
Dynamics near the tropopause
C12 9-6 IR Input to Airmass RGB
C13 10.3 IR Less sensitive to atmospheric moisture




brightness temperatures warmer than IR

IR window

Cl14 11.2 R Low stratus and fog detection

Greater sensitivity to moisture

C15 123 IR cooler brightness temperatures

Mean tropospheric air temperature estimation

C16 133 IR Highlights high, cold, likely icy clouds

In addition to ABI observations, we incorporated Solar Zenith Angle (SZA) data, ALIVE-derived
all-sky Downwelling Shortwave Radiation (ALIVEpsg, (Ranjbar et al., 2024b)) and ALIVE-
derived all-sky Land Surface Temperature (ALIVELsT, (Ranjbar et al., 2024¢)) estimates. From
the BRF bands, we calculated the NIR reflectance of vegetation (NIRv, (Dechant et al., 2022)) and
SWIR-enhanced NIRv (sNIRv, (Ranjbar et al., 2024a)) indices as proxies for vegetation
productivity due to their strong correlation with canopy gross primary productivity and its strong
relationship to ET. For the ET modeling, we used different configurations of variables for the
daytime and nighttime. For nighttime, we focused on CMI bands along with SZA, ALIVEpsg,
ALIVELst, and the mean values of NIRv and sNIRv from the previous day (NIRv_daily mean
and sNIRv daily mean). For daytime, we included CMI, BRF, SZA, ALIVEpsg, ALIVELsT,
NIRv, and sNIRv. We explored two feature strategies: one considering single real-time
observations and another incorporating time series features from the previous 24 hours.

To assess and validate the performance of our machine learning models, we compared against the
physically-based Atmosphere-Land Exchange Inverse (ALEXI, (Anderson, 1997)) ET product
into our analysis. ALEXI, developed with support from NASA, NOAA, and USDA ARS since
2003, estimates daily land-surface energy fluxes at a 5—-10 km resolution using thermal infrared
observations and vegetation indices from satellites. By combining a two-source (soil + canopy)
energy balance model (TSEB; (Norman et al., 1995) with an atmospheric boundary layer model,
ALEXI provides accurate ET estimates under both clear and cloudy conditions (Anderson et al.,
2007, 2012; Talib et al., 2021; Wanniarachchi and Sarukkalige, 2022). ALEXI is expanding
globally through integration with international satellites, and it has been validated using flux tower
data (RMSE of 35-40 W/m? at hourly time steps), making it a critical tool for ET and climate
monitoring (Pan et al., 2020; Wanniarachchi and Sarukkalige, 2022; Zheng et al., 2022). To ensure
consistency, we eemparedsummed our ALIVEET estimates from the empirical machine learning
approach with-the-physiealto a daily scale to compare against the physically-based ALEXI (Sun
etal., 2017).

2.3. Machine learning modeling and assessment

After synchronizing satellite-based observations and derived ALIVEpsg and ALIVELst
products with tower-based measurements, we used the tower-derived ET measurements (described
in subsection 2.1) as the target for estimation. Because eddy covariance observations are available
at 30-minute intervals, model training and validation were conducted at this temporal resolution,
while the trained models were applied at the native 5-minute GOES sampling frequency during
inference. Daytime and nighttime samples were separated based on SZA to ensure a physically
consistent classification across seasons and latitudes. For predictors, we utilized the satellite-based
features outlined in subsection 2.2 in two strategies. In the first, we considered the single-time
observations at the time of measurement, while in the second, we incorporated time series features
from the preceding 24 hours. This introduces a temporal scale mismatch between training and




application, and thus 5-minute estimates should be interpreted as high-frequency interpolations
constrained by half-hourly observations rather than independently validated predictions.

We applied two machine learning regression models: GBR and LSTM. GBR has
demonstrated strong performance in estimating downwelling shortwave radiation (Ranjbar et al.,
2024b), LST (Ranjbar et al., 2024c¢), and surface-atmosphere carbon dioxide flux (Ranjbar et al.,
2024d), providing a balance between accuracy and computational efficiency for real-time
applications. We compared GBR against LSTM, given its effectiveness with time series data
(Dhake et al., 2023), which excels in capturing long-term dependencies in sequential data (Dhake
et al., 2023; Hochreiter & Schmidhuber, 1997; Reddy & Prasad, 2018) which we felt may improve
estimation of nighttime ET, for which soil evaporation is an important term, which itself is often
modeled as a simple function of time since precipitation (Brutsaert, 2014).

GBR is an ensemble learning model, refining predictions iteratively by optimizing a loss
function through decision trees (Friedman, 2001). Key hyperparameters such as number of
estimators, maximum depth, minimum samples per leaf, and learning rate influence the model's
accuracy, complexity, and convergence speed (Bentéjac et al., 2021; Sahin, 2020). LSTM
networks, designed for sequential data, utilize a memory cell architecture to address non-linear
dependencies in time series forecasting (Ghanbari et al., 2021; Sutskever et al., 2014). Our LSTM
architecture included two LSTM layers, followed by dense layers for feature extraction and output
generation. The first LSTM layer retained the entire sequence (return_sequences=True), while the
second layer summarized the learned information (return sequences=False). The time series
features in LSTM models are structured in a 3D input format, consisting of samples, time steps,
and features. In contrast, since the GBR model accepts a 2D input, we explicitly included past
values by incorporating the preceding 24 hours of time series features as individual predictors,
with each hour treated as a separate feature. Models were trained on Google Colab Pro (32 GB
RAM, A100 GPU) using a grid search algorithm to optimize hyperparameters for correlation
determination (R?) and prediction speedtime (P.T., see Table 2 for grid search specifications and
hyperparameter settings). Model inference, particularly for the GBR configuration, occurs on the
order of seconds per domain and is suitable for near real-time applications, while the higher
computational cost reported primarily reflects LSTM training rather than operational deployment.

Table 2. Grid search specifications and hyperparameter setting for machine learning models.

Model Hyperparameter Grid Setting
Number of estimators 100, 300, 500, 800
Maximum depth 5,8,10,12, 15
GBR -
min_samples_leaf 50, 100, 200, 500
Learning rate 0.01,0.05,0.1
Units (neurons) 128, 256, 512, 1024
Activation 'logistic', 'tanh’, 'relu’
LSTM .
Optimizer 'adam’,'sgd'’
Batch Size 32, 64, 128, 256, 512

For validation, we applied Leave-One-Out Cross-Validation (LOOCYV), reserving 20% of
eddy covariance sites for testing while training on the remaining sites using a four-fold cross-
validation (75:25 training-validation split) (Maxwell et al., 2018). This procedure was repeated ten



times with different random seeds to enhance robustness and minimize bias. Final results,
including correlation determination (R?, Eq. 3), root mean square error (RMSE, Eq. 4), and
normalized RMSE (nRMSE, Eq. 5) were averaged to ensure reliability, using the Scikit-learn

Python library (Pedregosa et al., 2011).
R?=1-%5 Eq.3
TSS

where RSS is the sum of squares of residuals and TSS is the total sum of squares.

i=1 e

RMSE = [ =D Eq. 4

nRMSE—="""RMSE = ~——, Eq. 5
max med

where %, 45 Xmea 18 the maximummedian of the observations, i variable i, N is the number
of non-missing data points, x; are actual observations in the time series, and X is the estimated time
series.

To interpret model behavior, we used SHAP (Shapley Additive Explanations), a game-
theoretic approach that quantifies the contribution of each input feature to individual predictions
(Lundberg and Lee, 2017). SHAP values represent the marginal impact of a feature relative to a
baseline prediction, allowing consistent comparison of feature importance across models and
conditions (An et al., 2026; Ranjbar, 2025).

3. Results
3.1. Model Performance for ALIVEgr Estimates

Table 3 and Figure 2 illustrate the performance of LSTM and GBR models in estimating half-
hourly (hh) ALIVEET compared to EC-derived ET under daytime and nighttime conditions. During
the daytime (Figure 2a), the GBR model outperformed LSTM when using single-time features,
achieving the highest R? (0.74) and the lowest nRMSE (0-0400.91). Incorporating time series
features improved the LSTM model’s performance (R? of 0.72 and nRMSE of 6:0461.05), making
it comparable to the GBR model (R? of 0.71 and nRMSE of 0:0511.16). While the LSTM model
benefits significantly from GPU acceleration—, leveraging the A100 GPU (40GB/80GB VRAM,
Tensor Cores, High Throughput) in Google Colab Pro (32GB RAM) to reduce training and
inference time—, it remains computationally expensive. The GBR model, on the other hand,
primarily runs on the CPU and does not gain performance boosts from GPU acceleration. Even
with GPU acceleration, the LSTM model still requires 5.3 times more computation time than GBR
and fails to surpass GBR in modeling accuracy for daytime ET estimation. At night (Figure 2b),
GBR model performance was notably lower and the LSTM model, trained on time series features,
performed better (R? of 0.24 and nRMSE of 6:0081.29 versus GBR R? of 0.21 and nRMSE of
0-64+1.78).

Table 3. Performance metrics (R?, nRMSE, and prediction time (P.T.)) of LSTM and GBR
models for half-hourly (hh) ALIVEEr vs. EC-derived ET for daytime and nighttime estimates. T
indicates relative prediction time compared to the GBR model using single daytime features.



Metrics are computed on a site-independent test set, where 20% of eddy covariance sites are

withheld from training. Best performances for night and day are bolded.

LST™M GBR
Feature set R? nRMSE | P.T. (sec) R? nRMSE | P.T. (sec)
. 0-0400.9
Daytime 0.69 | 0:0621.41 |35 (3.87) 0.74 1 — 10.9(T)
Single time features
. . 0:0193.0
Nighttime 0.12 | 6:0203.24 2.9(3.27) 0.11 7 = 10.8(0.97)
. 0:051+1.1
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Figure 2. Density scatter plots of EC-derived ET (mm hh!) (a) vs. daytime ALIVEgr estimated
from GBR trained on single time observations (n=17480) and (b) nighttime ALIVEgr estimated
from LSTM trained on time series observations (n=14304).
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To further evaluate the all-sky capability of the ALIVEgT framework, model performance was
stratified by clear-sky and cloudy-sky conditions based on the GOES cloud mask classification
(Table A3). During daytime, the GBR model maintained strong performance under clear-sky
conditions (R? = 0.77; nRMSE = 0.73), while performance decreased under cloudy conditions
(R?=0.63; nRMSE = 1.81), reflecting the increased uncertainty associated with cloud-
contaminated radiative signals. A similar pattern was observed at night for the LSTM model,
with comparable R? values under clear (0.24) and cloudy (0.21) conditions, but a noticeable
increase in nRMSE under cloudy skies (1.03 vs. 2.06).

3.2. Model performance in representing diurnal dynamics and seasonal variability

Figure 3 demonstrates the ALIVEEr model’s capability to capture mean, across-site diurnal
variations in ET by comparing its estimates with EC-derived ET across different local hours for
both daytime and nighttime conditions. Values are averaged across all sites for each local hour.
During the daytime, the model exhibits strong agreement with observed ET. ET values rise in the
morning, peak around midday, and gradually decline in the afternoon, closely mirroring the EC-
derived ET trend. However, during nighttime, ET values drop significantly due to the absence of
solar radiation, and while the model captures some fluctuations, biases from EC-derived ET are
more noticeable.
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Figure 3. Mean values of EC-derived ET (mm hh!) (a) vs. daytime ALIVEgr estimated from
GBR trained on single time observations and (b) nighttime ALIVEEgT estimated from LSTM
trained on time series observations. Values are averaged-across-all-sites-foreach-toecal-hourhourly
averages derived from 30-minute data and are averaged across all sites for each local solar hour,
with daytime and nighttime defined based on SZA.

Figure 4 evaluates the model’s performance across different months in 2023, with metrics
averaged across all sites. The R? follows a distinct seasonal pattern, with lower values during late
winter and early spring, and improved performance from May to September. Additionally, the
seasonal trend in LST, a key predictor variable, aligns with model performance, as warmer months
exhibit more accurate ET estimates while colder months introduce greater uncertainty. Figure 4¢
shows the one year time series of daily ALIVEgr estimates against calculated ET from EC
measurements (EC-derived ET), which shows the model’s robustness, with an annual R? of 0.99
and nRMSE of 0.0280.64.
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Figure 4. Model performance across different months: (a) R? values, (b) nRMSE values, (c)
model fit for mean daily ET (mm hh'!) over the entire year of 2023, and (d) LST distribution
showing monthly variability with boxplots.

3.3. Feature importance

For daytime ET modeling (Figure 5c), the most influential feature is NIRvP, followed by
ALIVELst and sNIRvP. Other important predictors include ALIVEpsg, CMI CO03 (top-of-
atmosphere NIR at 0.86 um), and BRF5 (surface SWIR reflectance at 1.6 um). SHAP values
indicate that higher NIRvP and ALIVELst values positively affect ET predictions, underscoring
the importance of thermal and vegetation-related features. Lower-ranked features, such as
CMI_C04 and BRF3, have minimal impact on prediction, a point that is further discussed in the
discussion section.

For nighttime ET modeling (Figure 5a), a different set of predictors emerges, with ALIVELsr,
sNIRv_daily mean, and NIRv_daily mean standing out as the most dominant variables. Unlike
the daytime model, the absence of the surface reflectance product and DSR values near or equal
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to zero shifts the focus toward top-of-atmosphere SWIR and thermal observations. The lower
SHAP values associated with specific CMI variables, such as CMI_C09 and CMI_CO08, indicate
that these spectral bands have less influence on nighttime ET estimation compared to other
variables. Additionally, the time series analysis in Figure 5b emphasizes the significance of remote
sensing observations taken 2 and 4 hours before the ET prediction. In contrast, observations from
12 to 18 hours prior to ET have the least influence, while those from 22 to 24 hours also gain some
importance.
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Figure 5. Feature importance analysis using SHAP values for (a) nighttime, (b) nighttime time-
step importance, and (c) daytime. Panels (a) and (c) rank the top features by importance for

nighttime and daytime, respectively, while (b) highlights time-step importance in the nighttime
model, where the LSTM with time series features performed best.
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3.4. Model Performance Across different Koppen climate classes and IGBP vegetation covers

We evaluated the model's performance across different Kdppen climate classifications (Figure 6
and A1) and IGBP land cover types (Figure 7 and A2) by comparing ALIVEEgT estimates with EC-
derived ET. We averaged the site-level estimates within each climate classification or land cover
type. For this analysis, we focused on the five most prevalent climate types thateovercovering the
largest land areas ewveracross CONUS for discussion, while results for all climate types are
presented in the figures. The Figure 6 left panels display density scatter plots comparing half-
hourly ALIVEET estimates to EC-derived ET, while the right panels illustrate daily time series for
the years 2022 and 2023.

Across different climate zones, ALIVEgr demonstrates varying levels of agreement with EC-

derived ET. In Mediterranean climates (Csa/Csb), the model achieves-the-highestagreement,with

R’}—valrb}es—e#OJrS—&t—th%haJ:PhetmLy—seal%aﬂd—Q%shows moderate-to-strong performance, with
half-hourly R? values of 0.68 (Csa) and 0.58 (Csb), increasing to 0.86 and 0.81 at the daily scale,

respectively. Similarly, in humid subtropical (Cfa) and humid continental (Dfb/Dfa) climates,
ALIVEET performs well, w1th R*Wue&ef—@#%—and—@@—é@ﬁa}—and—@%and—@%é—@%%&}ﬁat

¥ 3 : . atnshalf-hourly
values ranging from 0 67 t0 0.75 and dally R? values between 0.86 and 0.91, indicating strong

cons1stencv in capturing daily ET dynamics. The nRMSE remains relatively low across these

regions, generally ranging from 0-034—to—0-05,—indicatingstrong—aceuracy—in—ecapturingET
vartability(.56 to 1.46 at the daily scale. In drier climates, performance slightly declines. In semi-

ar1d steppe (Bsk) reglons ALIVEET malntalns reasonable aeeafaey greemen t, with R? values of

the half hourly scale and 0. 78 at the dally scale accompanled by modest increases in nRMSE The

lowest agreement eceursis observed in arid desert elimates-(Bwk) climates, where R*-values-drop

to-0-57-(thalf-heurly)-and-0-77-(daily)half-hourly R? decreases to 0.48 and daily R? to 0.73, and-the
nRMSE reaches its highest values—(0-093-and-0.046)—, reflecting increased uncertainty under

strongly water-limited conditions.
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Figure 6. ALIVEET estimates compared to EC-derived ET across different Koppen climate classes
(see Table A2 in the appendix for climate class full name). Left panels display density scatter plots
of half-hourly estimates, while right panels show daily time series of ALIVEEr vs. EC-derived ET
for 2022 and 2023.

Figure 7presents Results represent aggregated statistics across all sites within each climate class.

1) 2022-01 2022-04 2022-07 2022-10 2023-01 2023-04 2023-07 2023-10 2024-

Figures 7 and A2 present a comparative evaluation of ALIVEEr estimates against EC-derived ET
across different land cover types classified according to the IGBP. Similar to Figure 6, the left
panels illustrate density scatter plots of half-hourly ET estimates, while the right panels depict
daily time series comparisons ever—two—years—{for 2022-2023). The performancePerformance

varies across land cover types—w%h—we&a&ds—é\&%%e&b&mg—th%mgheﬁgmee#&&—m&é
. Wetlands (WET)

exhlblt strong agreement Wlth a half hourlv R2 of 0. 77 and an nRMSE of 1.23. increasing to a
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daily R? of 0.92 and an nRMSE of 0.73. indicating robust skill in capturing both sub-daily
variability and seasonal dynamics. Grasslands (GRA) and croplands (CRO) also show relatively
high agreement, with half-hourly R? values of 6.77-and-0-720.78 and 0.66, and daily R? values of
0.90 and 0.84, respectively. Forested ecosystems, including deciduous broadleaf forests (DBF)
and evergreen needleleaf forests (ENF), demonstrate moderate-to-strong performance, with daily
R? values of 0.89 and 0.85, respectively. Howeverln contrast, evergreen broadleaf forests (EBF)
and, savannas (SAV)MQWM%MW%%W and
barren or sparsely vegetated (BSV) regions exhibit lower agreement, with half-hourly R? values
of 0.48, 0.27, and 0.36, respectively (Figure A2), and increased nRMSE, reflecting reduced
predictive eapabilityskill in these ecosystems, which are net—wel-less represented in the tewer

dataset(FigareHEC tower network. The time series plets—en—the—rightcomparisons further
highlight the temporal consistency between ALIVEEgr (dashed red) and EC-derived ET (black)-

For, partlcularlv for WET GRA and CRO ALHLEE;—effeetweLy—eap&&es—seasenal—vaﬂaﬁen&

, oy rtswhere seasonal
chles and peak ET magnltudes are Well captured In contrast EBF—BSV and SAV display-greater

errorsshow larger discrepancies, with ALIVEEgr tendingto—underestimate—peak ET fluxes—and
exhibit-highervariabilityexhibiting greater variability and increased uncertainty during peak ET

periods.
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Figure 7. Comparison of ALIVEEgr estimates with EC-derived ET across different IGBP land cover
types (see Table A2 in the appendix for full name). Left panels show density scatter plots of half-
hourly estimates, while right panels display daily time series of ALIVEgr vs. EC-derived ET for
2022 and 2023. Results represent aggregated statistics across all sites within each land cover class.

3.5. Comparing ALIVEgr against ALEX]

To assess the performance of the ALIVEET model spatiallyacross space, we compared its daily
aggregated ET estimates against those derived from the physically-based ALEXI model. We
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selected four days (DOY 117, 149, 179, and 218) from mid-May to mid-August 2022, ensuring a
minimum 30-day interval between them for a spatial and statistical comparison. These days were
chosen based on minimal cloud cover to ensure a fair comparison between the ET estimations.
Since ALEXI estimates ET under cloudy conditions using post-processing techniques, selecting
clear-sky days allows for a more direct evaluation of the models without the influence of these
adjustments. The first and second columns in Figure 8 illustrate the spatial distributions of ALEXI
and ALIVEEr, respectively, while the third column depicts their differences (ALIVEgr — ALEXI)
alongside density scatter plots and kernel density estimationestimates (KDE)-histograms.

ALIVEEr exhibits strong agreement with ALEXI across different regions and time periods,
capturing similar spatial patterns of ET variability. However, noticeable differences emerge in
certain areas, particularly in the central and eastern United States, where ALIVEEgr estimates are
generally lower than ALEXI (Figure 8, Column 3). These differences are more pronounced on
DOY 149 and 179, where negative biases dominate, suggesting potential underestimation of
ALIVEEr relative to ALEXI in regions with relatively high vegetation density.

The density scatter plots indicate a generally strong correlation between ALIVEgr and ALEXI,
with R? ranging from 0.62 to 0.74. RMSE values vary between 0.77 mm/day and 1.17 mm/day,
with biases fluctuating between -0.16 mm/day and -0.67 mm/day (about 2.8% to 11.9% relative to
the median ALEXI). These values highlight a consistent but slightly underestimated ET prediction
by ALIVEET that we discuss further in the Discussion section. The KDE histograms further reveal
that ALIVEgr and ALEXI share similar ET distributions, though ALIVEEgr exhibits a higher
density of lower ET values, which may be attributed to differences in model parameterizations or
the input data utilized by the machine learning framework.
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Figure 8. Comparison of daily ET estimates from ALEXI and ALIVE. Column 1 shows ALEXIgt
maps, Column 2 presents ALIVEgr maps, and Column 3 displays their differences in units of
mm/day, along with density scatter plots and KDE histogram distributions. Days of the year
(DOY) with the lowest cloud cover, selected from mid-May to mid-August in 2022, include (a)
117, (b) 149, (c) 179, and (d) 218.
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4. Discussion
4.1. Model Performance for ALIVEgr Estimates

The comparative analysis of GBR and LSTM models in estimating ALIVEEgr reveals a clear trade-
off between predictive accuracy, computational efficiency, and adaptability to near real-time half
hourly estimation. GBR outperforms LSTM during daytime, likely due to its ability to model
nonlinear interactions without requiring sequential dependencies (Bentéjac et al., 2021; Dhake et
al., 2023; Sahin, 2020). GBR efficiently captures the relationship between solar radiation,
temperature, and vegetation indices, providing accurate estimates of daytime ET with minimal
computational cost. LSTM, despite its capability to model temporal dependencies, fails to improve
predictions. The computational burden of LSTM further limits its practicality for large-scale, near
real-time applications (Ranjbar et al., 2024b). It is important to note that eddy covariance
measurements used for training and validation contain inherent uncertainties, particularly due to
energy balance non-closure; no additional closure correction was applied here to avoid introducing
site-specific assumptions that could bias cross-site consistency, and forcing closure introduces
additional assumptions such that it is not recommended at the site or network scale (Leuning et al.,
2012: Mauder et al., 2024).

At night, both models struggle, reflecting the inherent challenges of predicting nocturnal ET that
is most strongly related to environmental drivers that are difficult to discern from space, namely
near-surface wind speed and vapor pressure deficit as well as air temperature (Fisher et al., 2007;
Novick et al., 2009). The absence of direct solar radiation reduces variability, making it difficult
for data-driven models to learn meaningful patterns. LSTM exhibits a slight advantage over GBR,
possibly due to its ability to capture residual heat flux and time since CMI observations that are
consistent with precipitation events through the sequential dependencies in time series data (Dhake
et al., 2023; Ghimire et al., 2022). However, this improvement remains marginal, indicating that
neither model fully accounts for the complex boundary layer processes governing nighttime ET

and challenges measurlng it with eddy covarlance }neefpefa%mg—e%her—data—seufees—f%

20229 Nighttime ET remains partlcularlv uncertain due to low signal-to-noise ratios and
intermittent turbulence, and the relatively low R? values reflect both observational uncertainty and
the weak magnitude of nocturnal fluxes rather than solely model deficiency. Incorporating other
data sources for meteorological and soil parameters, such as humidity gradients and soil heat flux,
could improve performance (Katul et al., 2012; Walker et al., 2019; Wanniarachchi and
Sarukkalige, 2022). Cloud cover further reduces model performance, as reflected by higher errors
under cloudy conditions, likely due to increased uncertainty in radiative inputs; however, the
model retains skill under both conditions, supporting its applicability for all-sky ET estimation.
Despite these limitations, including nighttime conditions provides a stringent test of the model’s
ability to resolve weak but non-zero evaporative processes at sub-daily scales.

These results show the importance of aligning model choice with application constraints. GBR is
more suitable for real-time ET monitoring due to its efficiency, while LSTM, despite its potential
for sequential modeling, remains limited by high computational costs (Ranjbar et al., 2024b). A
promising direction is the development of hybrid models that leverage GBR’s efficiency for
daytime ET and LSTM’s temporal learning for nocturnal predictions. Additionally, integrating
physical constraints into machine learning models could enhance reliability, reducing dependence
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on purely empirical learning. Future work should explore attention-based architectures as a
computationally efficient alternative to LSTM for capturing temporal dependencies in nocturnal
ET estimation and seek to incorporate meteorological datasets, like the High Resolution Rapid
Refresh (HRRR) (Dowell et al., 2022; James et al., 2022), to better simulate the meteorological
processes that control ET.

4.2. Model performance in representing diurnal dynamics and seasonal variability

The ALIVEEgT model effectively captures diurnal ET dynamics, closely mirroring the expected
daytime trend—, rising in the morning, peaking at midday, and declining in the afternoon. This
alignment with observed patterns is largely due to the model’s empirical, data-driven nature, which
leverages statistical relationships between environmental variables and ET (Angelov and Gu,
2019; Belitz and Stackelberg, 2021; Brunton and Kutz, 2022). However, its reliance on mean
values across sites limits its adaptability to local-scale variations, potentially leading to
oversimplifications in heterogeneous landscapes (Brunton and Kutz, 2022).

At night, biases become more pronounced, with ET values dropping sharply in the absence of solar
radiation. While the model captures some nocturnal fluctuations, it struggles to estimate early
morning and late afternoon transitions accurately. This challenge likely stems from reduced
variability in key input features (Angelov and Gu, 2019), such as LST and radiation, which
dominate ET estimation during daylight but provide weaker predictive signals at night. Eddy
covariance data need to be filtered during periods of low turbulent intensity, which occur
disproportionately in the early evening when turbulence is often suppressed (Van Gorsel et al.,
2007). Standard quality control procedures, including friction velocity (u*) filtering, were applied
to reduce biases associated with low-turbulence conditions, though residual uncertainty remains.
In addition to limitations in eddy covariance measurements, addressing this limitation to ML
modeling requires integrating additional environmental drivers—, such as humidity, soil moisture,
and boundary layer meteorology—, to better characterize latent heat exchange under low-energy
conditions (Katul et al., 2012; Talib et al., 2021).

Seasonally, the model performs better during warmer months (May to September) and exhibits
reduced accuracy in colder months. This trend reflects the direct relationship between LST and
ET, where higher temperatures correspond to increased evaporative demand and more stable
model predictions due to higher ET variability. In contrast, winter months introduce uncertainty
due to lower LST values, as well as reductions in ET activity (Chen and Liu, 2020; Ling et al.,
2022) and challenges posed by melting snow. The model’s robustness at the annual scale, indicated
by high R? for daily ET estimates, suggests it effectively generalizes long-term ET trends despite
seasonal variations.

4.3. Feature importance

During daytime, vegetation-related and thermal features—, particularly NIRvP and ALIVELst—,
emerge as the most influential predictors, reinforcing the strong dependence of ET on plant activity
and temperature (Chen and Liu, 2020; Sun et al., 2012). The high SHAP values for NIRvP suggest
that increased photosynthetic activity, as captured by red absorption and NIR reflectance, leads to
higher ET rates (Zheng et al., 2022). Other relevant predictors, such as ALIVEpsr and CMI_C03,
contribute by incorporating solar radiation and top-of-atmosphere near-infrared signals. The lower
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SHAP importance of ALIVEpsr reflects feature redundancy rather than reduced physical
relevance, as radiation effects are partially captured by correlated variables such as ALIVE;sT:
SHAP values represent marginal contributions within the feature set. BRF3 is utilized in the
computation of NIRvP and sNIRvP, both of which are key predictors in the model. Therefore,
BRF3 is assigned a lower importance ranking, which is a characteristic outcome of machine
learning models when handling highly correlated input features. In such cases, the model
prioritizes the most informative variable while diminishing the influence of redundant features to
optimize predictive performance (Angelov and Gu, 2019; Brunton and Kutz, 2022).

In contrast, the best nighttime ET estimation was achieved from time series features using LSTM
modeling. The model was primarily driven by surface temperature and the mean value of
vegetation indices (NIRv and sNIRv) from prior day rather than instantaneous radiation inputs.
ALIVELst remains the dominant predictor, aligning with the idea that nighttime ET is primarily
governed by residual surface heat and micrometorological variables like wind, temperature, and
atmospheric dryness rather than direct solar-driven processes (McColl, 2020; Wanniarachchi and
Sarukkalige, 2022). The significance of daily-averaged vegetation indices (sNIRv_daily mean
and NIRv_daily mean) indicates that plant water loss continues into the night, albeit at much lower
magnitudes, influenced by prior daytime conditions. Unlike daytime modeling, DSR is absent as
a predictor, leading to increased reliance on CMI observations in the thermal infrared.

Furthermore, the time-step analysis for nighttime modeling highlights the temporal dependencies
within the LSTM framework. Observations from 2 to 4 hours before the prediction time contribute
the most, emphasizing the short-term persistence of environmental signals in driving nighttime
ET. Conversely, observations from 12 to 18 hours prior show minimal influence, likely due to the
decoupling of past daytime energy inputs. Interestingly, inputs from 22 to 24 hours earlier gain
some relevance, potentially capturing the effects of previous nighttime cooling trends or delayed
surface moisture responses (Labedzki, 2011) but also consistent with correlation amongst
nighttime conditions. These findings highlight the need for tailored ET models, with nighttime
models relying on time-series features, particularly LST and indices, while daytime models benefit
from instantaneous reflectance, solar inputs, and LST. Future improvements could involve adding
new features, particularly for nighttime ET, where additional environmental variables might
enhance predictive accuracy (Fisher et al., 2007; Katul et al., 2012; Novick et al., 2009; Walker et
al., 2019).

4.4. Model Performance Across different Koppen climate classes and IGBP vegetation covers

The varying performance of ALIVEgr across climate classifications and land cover types
highlights the inherent challenges in modeling ET in diverse environmental conditions. The strong
performance in Mediterranean (Csa/Csb) and humid subtropical (Cfa) climates suggests that the
model effectively captures ET dynamics in regions with consistent seasonal cycles and relatively
mgh—vegetaﬁeﬂ—eevefchmate driven vegetation dynamics (Feng et al., 2019; Zhou et al., 2021).
This is likely because these climates exhibit strong and stable relatlonshlps between radlatlon
temperature, and vegetation indices, which are key drivers of ET (Feng et al., 2019; Labedzki,
2011). Adtheugh;These patterns should be interpreted in the context of the training dataset, which
is limited to CONUS flux tower sites and does not fully represent all global land cover types.
Climate classes that are sampled less, like Mediterranean climates, present additional complexity
due to pronounced shifts between energy-limited and water-limited periods within the same year
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(Ryu et al., 2008), where ET dynamics are strongly modulated by seasonal soil moisture

availability-and-grewingseasontength-(Ryuetal;2008)the. The strong seasonal greenness signal

and surface temperature variability in these regions may enhance the ability of machine learning
models to capture ET dynamics.

However, the accuracy of ALIVEEgT declines in more arid regions such as semi-arid steppe (Bsk)
and arid desert (Bwk) climates. The higher errors in these environments can be attributed to the
increased influence of soil evaporation, sparse vegetation cover and its subgrid variability, the
pronounced spatial heterogeneity of these ecosystems, and the episodic nature of precipitation, all
of which introduce greater variability in ET rates (Krishnan et al., 2012; Tabari et al., 2012). The
model’s reliance on vegetation indices and thermal features may lead to oversimplifications in
these water-limited regions, where plant water use efficiency and soil moisture interactions play
crucial roles in governing ET.

Another critical factor affecting model performance in drier climates is the role of advection and
non-local energy sources. ET is not solely controlled by local surface conditions but is also
influenced by large-scale atmospheric dynamics and horizontal energy transport, factors that are
difficult to capture using data-driven models based on local predictors (Krishnan et al., 2012; Pan
etal., 2020; WeilBl and Menzel, 2008). Furthermore, the increased nRMSE in these regions suggests
that the model may struggle with capturing sub-daily variability, particularly in conditions where
rapid changes in atmospheric demand or soil moisture availability occur. Future enhancements
may involve integrating soil moisture retrievals, atmospheric boundary layer dynamics, or
explicitly accounting for advection by incorporating upstream pixels in the model training process
to improve performance in these challenging regions.

The land cover analysis reveals similar challenges. While the model performs well in wetlands
(WET), grasslands (GRA), and croplands (CRO), it struggles in evergreen broadleaf forests (EBF)
and, savannas (SAV), and barren or sparsely vegetated (BSV). The strong performance in wetlands
can be attributed to the dominance of surface water evaporation, which is well captured by thermal
and vegetation indices (Bao et al., 2021; Drexler et al., 2004; Fleischmann et al., 2023). In contrast,
the lower R? values in EBEBSV and SAV suggest that canopy structure, water use strategies, and
plant functional diversity introduce complexity that is not adequately represented by the current
feature set (Liu et al., 2022; Pan et al., 2024), and there are currently few measurements in the
CONUS scene with which to train models (Figure 1). The reduced performance in SAV and EBF
is therefore likely driven by limited representation in the training data rather than fundamental
limitations of the modeling approach. Dense canopies in EBF likely lead to discrepancies between
surface temperature and actual transpiration rates, as the thermal signal captured by satellites may
not directly reflect the evaporative demand within the canopy (Pan et al., 2024). Additionally, in
savannas, the co-existence of vegetation and grass—, with differing phenology—, and bare soil
likely leads to different ET responses, further complicating estimation accuracy. Moreover, the
underestimation of peak ET fluxes in EBF, BSV., and SAV suggests that ALIVEgT may not fully
account for plant physiological responses. Trees in these ecosystems often exhibit deep rooting
systems that allow them to access groundwater, enabling sustained transpiration even when surface
moisture is low (Miller et al., 2010).

FheOur findings emphasize the need for climate- and ecosystem-specific modeling approaches.
While ALIVEEgr effectively captures ET dynamics in regions with predictable climate and land
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cover characteristics, its limitations in arid and heterogeneous landscapes underscore the
importance of incorporating additional process-based constraints and the challenge of subgrid
heterogeneity when aligning ABI pixels with eddy covariance flux footprints (Chu et al., 2021).
Future advancements should explore hybrid frameworks that integrate machine learning with
physically based constraints—, such as surface energy balance closure, soil-moisture limits, flux
non-negativity, and water-use efficiency (WUE) relationships. Incorporating these through penalty
terms or lightweight post-processing could improve accuracy, enable water—carbon coupling, and
preserve near-real-time performance.

tgatton Future work should explicitly evaluate performance across temporal aggregation
scales (e.g., 5-minute, hourly, daily) to quantify how uncertainty propagates and improves with
temporal averaging. Expanding the training dataset to include more globally distributed flux tower
observations would likely improve model generalization, particularly in underrepresented
ecosystems and climate regimes.

4.5. Comparing ALIVEgr against physically-based ALEXIgr

While ALIVEgT demonstrates a strong agreement with ALEXIgr in capturing broad spatial and
temporal trends, systematic biases and discrepancies highlight areas requiring further refinement
and investigation. ALEXIgr is used here as a physically based benchmark due to its widespread
application for continental-scale ET estimation and its ability to operate under both clear and
cloudy conditions through energy balance constraints. A key observation is the underestimation of
ALIVEEr relative to ALEXIgr, particularly in regions with high vegetation density and complex
moisture dynamics. This tendency is most pronounced on the DOY 149 and 179 comparisons,
suggesting that ALIVEgT may struggle to fully capture the ET dynamics in peak growing seasons
when evapotranspiration rates are at their highest. The KDE histograms show that while ALIVEEgr
successfully captures the overall shape of the ET distribution, it may not fully replicate the higher-
end variability observed in ALEXIgr. Previous studies have noted that machine learning models,
despite their adaptability, often exhibit difficulties in accurately representing extreme values due
to the reliance on training data distributions (Amani and Shafizadeh-Moghadam, 2023; Maxwell
et al., 2018; Ranjbar et al., 2021; Thapa et al., 2023). The underestimation at higher ET values
could stem from insufficient representation of extreme conditions in the training dataset or
limitations in the predictor variables used by ALIVEEgr. ALIVEEr also relies on eddy covariance
measurements which on average do not close the surface-atmosphere energy balance such that a
small underestimation might be expected if latent heat fluxes are part of the explanation for lack
of energy balance closure (Mauder et al., 2024; Stoy et al., 2013; Wilson et al., 2002). Despite
these limitations, ALIVEEr’s ability to closely track AEXIALEX It trends across multiple time
periods and spatial regions demonstrates its potential as an empirical alternative for large-scale ET
estimation for model benchmarking, or to further improve gapfilling of missing observations. The
purpose of this comparison is not to determine model superiority, but to assess whether ALIVEEgT
is consistent with physically based estimates while extending temporal resolution to sub-daily
scales. The observed biases, while systematic, are relatively modest and may be addressable
through targeted model improvements including additional filters to ensure that only periods with
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acceptable eddy covariance energy balance closure are included. Future work should explore
additional input features, such as soil moisture retrievals and vegetation water content, to enhance
model performance in high-ET regions (Katul et al., 2012; Walker et al., 2019).

Another possible explanation for the observed differences is the different parameterization
strategies employed by the two models. ALEXIgr, a physically based model, explicitly accounts
for surface energy balance constraints and vegetation stress conditions (Anderson et al., 2012). In
contrast, ALIVEEr, driven by machine learning algorithms, relies on statistical relationships
inferred from current and historical data, potentially leading to discrepancies in regions where
these relationships deviate from physical constraints. For instance, previous research has discussed
that machine learning models tend to generalize well under typical conditions but may struggle
with spatial heterogeneity, especially in highly dynamic landscapes such as forested or irrigated
agricultural areas (Amani and Shafizadeh-Moghadam, 2023; Talib et al., 2021). The inclusion of
physics-informed constraints within the ALIVEgr framework could help mitigate these
discrepancies and improve the model’s generalization capabilities.

FheR2 In this context, ALIVEEgT and ALEXIgt should be viewed as complementary, with ALEXI
providing physically constrained estimates and ALIVEgr offering higher-frequency temporal
dynamics derived from remote sensing data.

R? values ranging from 0.62 to 0.74 indicate a moderately strong relationship between ALEXI and
ALIVE models (Figure 8); however, the variations in RMSE (0.77 mm/day to 1.17 mm/day) and
biases (-0.16 mm/day to -0.67 mm/day) suggest that performance inconsistencies exist across
different climatic and land cover conditions. These findings align with previous evaluations of
machine learning and biophysical models for ET estimation, which have discussed that the model
performance degrades in areas with complex hydrological and biophysical interactions (Bellocchi
etal., 2010; Garcia et al., 2013; Oliveira et al., 2024; Verhoef et al., 2018). The systematic negative
bias observed in ALIVEEgr could indicate a need for model recalibration, potentially through
region-specific tuning or transfer learning techniques that leverage site-specific data to adjust
model parameters (Amani and Shafizadeh-Moghadam, 2023; Oliveira et al., 2024) or additional
consideration of energy balance closure as noted. Future research should focus on incorporating
physical constraints such as energy balance closure and mass conservation, improving
representation of extreme conditions in training data, and developing hybrid models that
seamlessly integrate machine learning with process-based simulations to enhance generalizability
and physical consistency.

5. Conclusion
In this study, we demonstrate the potential of machine learning models, particularly GBR and
LSTM networks, for estimating high-frequency ET under various sky conditions, including
nighttime, using geostationary satellite data. Our findings reveal that GBR outperforms LSTM
during the daytime, offering greater efficiency and accuracy for real-time ET estimation due to its
lower computational cost. However, during nighttime, both models encounter challenges, as the
lack of solar radiation and reduced variability in input features limit predictive performance.
LSTM slightly outperforms GBR in these conditions, capturing the effects of residual heat flux
and atmospheric dynamics using the previous 24 hours of time series features. Despite this, the
improvements are marginal, highlighting the complexity of nocturnal ET processes and challenges
in its measurement using eddy covariance. Results emphasize the importance of adapting model
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choice to the specific application context. While GBR is more suitable for operational, real-time
ET monitoring due to its speed, LSTM's ability to capture temporal dependencies could enhance
future efforts to improve nighttime ET predictions. Furthermore, the integration of additional
environmental variables, such as humidity, soil moisture, and boundary layer parameters, could
strengthen model performance, particularly during nighttime hours. Hybrid models combining the
strengths of GBR and LSTM, and fusion approaches with physically-based models, could further
enhance both daytime and nighttime ET estimates.
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Appendix

Table Al: The Ameriflux site ID, digital object identifier (DOI), geographic coordinates (Lat and
Long), elevation (ELV, m), International Geosphere-Biosphere Programme (IGBP) vegetation
type, and-Koppen Climate class and number of observations (Obs #) for the eddy covariance towers
are presented.

USALO | 10.17190/AME/1480323 46.03 8961 493 WET |Df
USARM | 10.17100/AME/1246027 3661 97.49 314 CRO |cfa
USBil 10.17190/AMF/1480317 381 1215 27 CRO | GCsa
US B2 1017190/AME/1419513 3811 12154 s CRO | csa
USBRG | 10.17100/AME/1756416 3922 86.54 180 GRA | Cfa
Uscct | 1017190/AME/1865475 44.07 8968 314 CRO |D#
US-CdM | 1017190/AME/1865477 37.52 10975 1860 WSA | Bsk
Uscs2 1017190/AMEA617711 4415 895 328 ENE | Dfa
USCSs 1017190/AME/1846663 4411 89.54 328 CRO |Dfa
USDEC | 10.17190/AME/1660340 4334 8971 264.9 CRO |D#
US-DEK | 1017190/AME/1825937 4335 8972 210 CRO |D®
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04 HOGAMEAO964086 42167 1
+04H9GAMEAS90490 42155 -7
H04HOGAMEA246056 10624 3197
04 HOGAMEA 634881 H72 367
H04HOGAMEA246061 -68-74 60
H0AHOGAMEA246062 6875 61
H0AHOGAMEAS90483 122.02 H3
04 HOGAMEATETE33 —106-64 H88
04 HOGAMEA246071 -89:98 480
HOAHOGAMEASTOSSY 9212 260
04 HOGAMEA902276 -91-99 275
04 HOGAMEASTOSS9 9215 261
04 HOGAMEA246123 10624 2196
O HOGAMEASTOHT -Ho73 2573
04 HOGAMEA48031H4 759 1
H0AHOGAMEA246088 10555 3050
04 HOGAMEA 660350 -8195 25
04 HOGAMEAHRE679 8251 174
04 HOGAMEASSO93 9168 61
04 HOGAMEASTOS01 42187 33
04 HOGAMEASS09H4 42201 40
04 HOGAMEASS09ES -91-44 H
04 HOGAMEAHR682 -H674 1608
04 HOGAMEA3TS202 -He75 24H
04 HOGAMEATT24 -He672 1878
04 HOGAMEA3TS204 -He6H 1425
H0AHOGAMEA246124 1067 1596
04 HOGAMEA246125 10674 1604
04 HOGAMEAHS684 275 -5
04 HOGAMEA246154 -HO383 1291
04 HOGAMEA246104 -Ho87 +H20
04 HOGAMEASS0916 479 310
04 HOGAMEA246106 -8935 540
H0AHOGAMEA24597 —+20.97 177
04 HOGAMEA246147 42165 -5
04 HOGAMEA246151 42164 -5
HOAHOGAMEAS65482 30+ 390
H0AHOGAMEAS65483 A 396
04 HOGAMEA246107 847+ 234
04 HOGAMER003H -H3383 1287
04 HOGAMEA245984 —+120.95 129
04 HOGAMEA246121 10653 3030
04 HOGAMEA246122 —106-6 2500
04 HOGAMEA246HH -90:08 520
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Site ID

DOI

Long

Elv (m)

IGBP

Climate

Obs #

US-ARM

10.17190/AMF/1246027

-97.49

W
—
AN

CRO

Cfa

3287

US-Bil

10.17190/AMF/1480317

-121.5

)
Q

CRO

Csa

5579
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US-Bi2 10.17190/AMF/1419513 38.11 |  -121.54 5| CrRO | Csa 5348
US-CdM 10.17190/AMF/1865477 3752 | -109.75 1860 [ WSA | Bsk 468
US-CS2 10.17190/AMF/1617711 44.15 89.5 328 | ENF Dfa 262
US-CS5 10.17190/AMF/1846663 44.11 -89.54 328 | CRO | Dfa 545
US-DFC 10.17190/AMF/1660340 43.34 -89.71 264.9 | CRO Dfb 2928
US-Dmg 10.17190/AMF/1964086 38| -121.67 1| WET |[Csa 2457
US-DS3 10.17190/AMF/1890490 38.12 | -121.55 71CRO [ Csa 4529
US-HBI 10.17190/AMF/1660341 33.35 -79.2 0.l | WET [cCfa 3350
US-HB3 10.17190/AMF/1660343 33.35 -79.23 7.3 | ENF Cfa 3423
US-HBK 10.17190/AMF/1634881 43.94 71.72 367 | DBF Dfb 2166
US-Hol 10.17190/AMF/1246061 452 -68.74 60 | ENF Dfb 310
US-Ho2 10.17190/AMF/1246062 4521 -68.75 61 | ENF Dfb 4133
US-Hsm 10.17190/AMF/1890483 3824 | -122.02 1.113 | WET | Csa 5512
US-Jol 10.17190/AMF/1767833 3258 -106.64 1188 [ OSH Bwk 3018
US-Los 10.17190/AMF/1246071 46.08 -89.98 480 | WET | Dfb 4209
US-Mol 10.17190/AMF/1870588 39.23 92.12 260 | CRO | Cfa 5588
US-Mo2 10.17190/AMF/1902276 38.95 91.99 275| GRA | Cfa 5387
US-Mo3 10.17190/AMF/1870589 39.23 92.15 261 |[CRO [ Cfa 5539
US-Mpj 10.17190/AMF/1246123 3444 | -106.24 2196 | WSA | Bsk 6250
US-MtB 10.17190/AMF/1579717 3242 -110.73 2573 | ENF Dwb 800
US-NC4 10.17190/AMF/1480314 35.79 759 1| WET |[Cfa 772
US-NRI 10.17190/AMF/1246088 40.03 |  -105.55 3050 | ENF Dfc 5567
US-ONA 10.17190/AMF/1660350 27.38 -81.95 25 | GRA | Cfa 2907
US-OWC 10.17190/AMF/1418679 41.38 -82.51 174 | WET | Db 865
US-PAS 10.17190/AMF/1870590 27.39 -81.95 271 |GRA [ Cfa 3646
US-RGA 10.17190/AMF/1880913 34.41 91.68 61 |CRO | Csa 5334
US-RGB 10.17190/AMF/1870591 3958 | -121.87 33| CRO | Csa 4852
US-RGo 10.17190/AMF/1880914 39.68 | -122.01 40 |CRO | Csa 4824
US-RGW | 10.17190/AMF/1880915 33.62 91.44 41 |CRO | Csa 4349
US-Rls 10.17190/AMF/1418682 4314 -116.74 1608 | CSH Bsh 2268
US-Rms 10.17190/AMF/1375202 43.06 | -116.75 2111 | CSH Bsh 2303
US-Rwf 10.17190/AMF/1617724 4312 -116.72 1878 | CSH Bsh 2268
US-Rws 10.17190/AMF/1375201 4317 -116.71 1425 [ OSH Bsk 2500
US-Seg 10.17190/AMF/1246124 34.36 -106.7 1596 [ GRA | Bsk 6087
US-Ses 10.17190/AMF/1246125 3433 -106.74 1604 [ OSH Bsk 3436
US-SRG 10.17190/AMF/1246154 31.79 | -110.83 1291 [ GRA [ Bsk 6220
US-SRM 10.17190/AMF/1246104 31.82 | -110.87 1120 [ WSA [ Bsk 6087
US-SSH 10.17190/AMF/1880916 40.67 779 310 | DBF Dfb 441
US-Syv 10.17190/AMF/1246106 46.24 -89.35 540 | MF Dfb 4120
US-Ton 10.17190/AMF/1245971 3843  -120.97 177 | WSA [ Csa 3267
US-Twl 10.17190/AMF/1246147 38.11 | -121.65 5| WET | Csa 5065
US-Tw4 10.17190/AMF/1246151 38.1| -121.64 5| WET | Csa 5445
US-UCI 10.17190/AMF/1865482 40.75 -78.01 390 | CVM | Dfb 5532
US-UC2 10.17190/AMF/1865483 40.76 78 396 | CVM | Dfb 4992
US-UMB 10.17190/AMF/1246107 45.56 -84.71 234 | DBF Dfb 1080
US-UTB 10.17190/AMF/2001311 40.78 | -113.83 1287 [ BSV Bwk 3409
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US-Var 10.17190/AMF/1245984 3841 | -120.95 129 | GRA | Csa 2678
US-Vem 10.17190/AMF/1246121 3589 | -106.53 3030 | ENF Dfb 5282
US-Vep 10.17190/AMF/1246122 35.86 -106.6 2500 | ENF Dfb 5989
US-WCr 10.17190/AMF/1246111 4581 -90.08 520 | DBF Dfb 4868
US-Whs 10.17190/AMF/1246113 31.74 | -110.05 1370 [ OSH Bsk 6334
US-Wis 10.17190/AMF/1246120 3443 -105.86 1931 | SAV Bsk 5893
US-Wkg 10.17190/AMF/1246112 31.74 | -109.94 1531 [ GRA | Bsk 6321
US-xAB 10.17190/AMF/1617726 4576 |  -122.33 363 | ENF Csb 3433
US-xAE 10.17190/AMF/1671891 35.41 -99.06 516 | GRA | Cfa 5919
US-xBL 10.17190/AMF/1671893 39.06 -78.07 183 | DBF Cfa 3782
US-xBR 10.17190/AMF/1579542 44.06 71.29 232 | DBF Dfb 2711
US-xCL 10.17190/AMF/1671894 33.4 9757 259 | GRA | Cfa 6457
US-xCP 10.17190/AMF/1579720 40.82 | -104.75 1654 [ GRA | Bsk 5499
US-xDC 10.17190/AMF/1617728 47.16 99.11 559 | GRA | Db 4666
US-xDL 10.17190/AMF/1579721 32.54 87.8 22 | MF Cfa 6392
US-xDS 10.17190/AMF/1671895 28.13 -81.44 15| CVM | Cfa 4632
US-xGR 10.17190/AMF/1634885 35.69 83.5 579 | DBF Cfa 5938
US-xHA 10.17190/AMF/1562391 42.54 72.17 351 | DBF Dfb 4683
US-xJE 10.17190/AMF/1617730 31.19 -84.47 44 | ENF Cfa 6493
US-xJR 10.17190/AMF/1617731 3259 -106.84 1329 [ OSH Bsk 2836
US-xKA 10.17190/AMF/1579722 39.11 -96.61 1329 [GRA [ Cfa 5821
US-xKZ 10.17190/AMF/1562392 39.1 96.56 381 | GRA | Cfa 5147
US-xLE 10.17190/AMF/1773398 31.85 -88.16 20 | DBF Cfa 6003
US-xMB 10.17190/AMF/1671896 3825 -109.39 1767 | OSH Bsk 5519
US-xML 10.17190/AMF/1671897 37.38 -80.52 1126 | DBF Dfb 5468
US-xNG 10.17190/AMF/1617732 4677 -100.92 578 | GRA | Dfb 4611
US-xNQ 10.17190/AMF/1617733 40.18 | -112.45 1685 [ OSH Dfb 5450
US-xNW 10.17190/AMF/1671898 40.05 | -105.58 3513 | ENF Dfc 3326
US-xRM 10.17190/AMF/1579723 4028 | -105.55 2743 | ENF Dfc 5370
US-xRN 10.17190/AMF/1773400 35.96 -84.28 334 | DBF Cfa 1802
US-xSB 10.17190/AMF/1671899 29.69 -81.99 45 | ENF Cfa 1794
US-xSC 10.17190/AMF/1671900 38.89 -78.14 361 | DBF Cfa 3121
US-xSE 10.17190/AMF/1617734 38.89 -76.56 15 | DBF Cfa 3122
US-xSJ 10.17190/AMF/1671901 37.11 | -119.73 368 | SAV Csa 3291
US-xSL 10.17190/AMF/1617735 40.46 | -103.03 1364 | CRO Bsk 2894
US-xSP 10.17190/AMF/1617736 37.03 | -119.26 1160 [ ENF Csa 3240
US-xSR 10.17190/AMF/1579543 3191 -110.84 983 | OSH Bsk 3506
US-xST 10.17190/AMF/1617737 4551 -89.59 481 | DBF Dfb 2227
US-xTA 10.17190/AMF/1671902 32.95 -87.39 135 | ENF Cfa 3431
US-XTE 10.17190/AMF/1617738 37.01 | -119.01 2147 | ENF Csa 3101
US-xTR 10.17190/AMF/1634886 45.49 -89.59 472 | DBF Dfb 2717
US-xUK 10.17190/AMF/1617740 39.04 95.19 335 | DBF Cfa 3219
US-xUN 10.17190/AMF/1617741 46.23 -89.54 518 | MF Dfb 2620
US-xWD 10.17190/AMF/1579724 4713 -99.24 579 | GRA | Dfb 2356
US-xWR 10.17190/AMF/1617742 4582 | -121.95 407 | ENF Csb 2210
US-xYE 10.17190/AMF/1617743 4495  -110.54 2116 | ENF Dfc 1844




Table A2: International Geosphere-Biosphere Programme (IGBP) Land Cover Classes and
Koppen Climate Classes_and their abbreviations as well as the number of sites in each category

(abbreviations, # of sites).

Barren-or-Sparsely-Vegetated (BSVBarren or Sparsely
Vegetated (BSV, 1)

Croplands (CRO, 16), Closed Shrublands (CSH, 3)
Cropland/Natural Vegetation Mosaic (CVM, 2)
Deciduous Broadleaf Forest (DBF, 15)
Evergreen Broadleaf Forest (EBF, 1)
Evergreen Needleleaf Forest (ENF, 18)
Grasslands (GRA, 17)

Mixed Forests (MF, 4)

Open Shrublands (OSH, &)

Savannas (SAV, 2)

Woody Savannas (WSA, 3)

Water Bodies (WAT, 1)

Wetlands (WET, 14)

Mediterranean, Warm Summer (Csb)}

S e Cald el

s el e L
Polar Tundra (ET, 2)
Temperate Oceanic (Ctb, 2)

IGBP Class Climate Class

Slethande i Tropical Monsoon (Am, 2)

eapland g Arid, Semi-Hot Desert (Bsh, 4)

Cemeslaaen Lo Semi-Arid, Cold (Bsk, 14)

Sleedilaanna Rl Arid, Cold Desert (Bwk, 2)

lpeemempaop s codlelen Dlopen b Ly Humid Continental, WarmHot Summer (BfbDfa, 7)
Ceenthenbleader oo Humid Continental, HetWarm Summer (B£aDfb,
hesed S henblande L0 L 24)

LesidusesCreadlenliapen Lo Subarctic (Dfc, 5)

Lo Eapani ey Monsoon-Influenced Humid Continental (Dwb, 2)
Savannas{SAYY Humid Subtropical (Cfa, 24)

Creplande atoeal o tomsnen et L0 L Mediterranean, Hot Summer (Csa, 14)

.3)

Table A3: Performance of ALIVEgr under clear and cloudy sky conditions using optimal models

(GBR for daytime, LSTM for nighttime).

Condition R2 nRMSE
Day - Clear Sky - GBR 0.77 0.73
Day - Cloudy Sky - GBR 0.63 1.81
Night - Clear Sky - LSTM 0.24 1.03
Night - Cloudy Sky - LSTM 0.21 2.06
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Figure Al. ALIVEgt estimates compared to EC-derived ET across different Kdoppen climate
classes. Left panels display density scatter plots of half-hourly estimates, while right panels show
daily time series of ALIVEgr vs. EC-derived ET for 2022 and 2023.
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Figure A2. Comparison of ALIVEgr estimates with EC-derived ET across different IGBP land
cover types. Left panels show density scatter plots of half-hourly estimates, while right panels
display daily time series of ALIVEgr vs. EC-derived ET for 2022 and 2023.
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