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ABSTRACT

A synergistic integration of physics-based and data-driven approaches has emerged as 
promising research field for terrestrial evapotranspiration (ET) estimation, enabling robust 
modeling of land-atmosphere interactions. This study proposes a hybrid model by inte
grating machine learning (ML)-based canopy surface resistance (rs,c) estimation into the 
Shuttleworth-Wallace (S-W) dual-source scheme under the ETMonitor framework, replacing 
traditional physics-based rs,c parameterization. Three ML algorithms, Random Forest (RF), 
Gradient Boosting Regression Tree (GBRT) and Deep Neural Network (DNN) were tested in 
the hybrid model. A reference dataset of rs,c was derived by inverting S-W dual-source 
model with in-situ flux measurements. The model was trained on 179 global flux tower 
sites and independently validated on 45 sites. Three full ML-based models based on DNN, 
GBRT and RF, were also developed to estimate ET directly for comparison. The DNN- 
integrated hybrid model outperformed the original physics-based model, with Kling-Gupta 
Efficiency (KGE) increasing from 0.7 to 0.84 and coefficient of determination (R²) increasing 
from 0.66 to 0.72. The three full ML models showed comparable performance to the hybrid 
models. Notably, the physics-ML hybrid framework balances physical interpretability with 
data-driven efficiency, minimizing reliance on prior knowledge and avoiding over- 
parameterization.
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1. Introduction

Terrestrial evapotranspiration (ET) is a critical component of the hydrological and energy cycles, and 
pivotal for addressing hydrological challenges and water resources management (Fang et al. 2010; Good, 
Noone, and Bowen 2015; Morillas et al. 2013; Zhang et al. 2019). Accurate ET estimation is of great 
importance for advancing understanding of the hydrological cycle and characterising extreme drought 
events (Allen et al. 1998; Anderson et al. 2011; Otkin et al. 2016). However, this remains challenging due to 
complex feedback mechanisms, limited insights from local-scale studies, and inherent heterogeneity of 
terrain and climate (Allen et al. 2011; Fisher et al. 2017; Liang et al. 2019). Since ET cannot be directly 
retrieved from satellite-based observations, physics-based and data-driven models have been developed, 
driven by biophysical variables retrievable from satellite observations (Jia et al. 2009; Jung et al. 2011; Jung 
et al. 2019; Mu et al. 2007, Su 2002; Zhao et al., 2024).

Physics-based models have a robust physical foundation for ET estimation and can deliver high 
accuracy at the local and regional scales. Representative methods include surface energy balance (SEB)- 
based (single and dual-source) models (Bastiaanssen et al. 1998; Menenti and Choudhury 1993; Norman, 
Kustas, and Humes 1995; Su 2002), combined approaches based on the Penman-Monteith (P-M) equation 
(Allen et al. 1998, 2006; Mu, Zhao, and Running 2011), models based on Priestley-Taylor (P-T) equation 
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(Fisher, Tu, and Baldocchi 2008; Miralles et al. 2011; Priestley and Taylor 1972), and triangle (or trapezoid) 
feature space methods (Jiang and Islam 1999; Moran et al. 1994; Tang, Li, and Tang 2010). SEB-based 
algorithms, integrating vegetation, land surface temperature (LST) and radiation data, are mainly applied 
in agricultural regions with high-resolution remote sensing (Feng et al. 2023; Jia et al. 2009). However, 
their applications are constrained by several key limitations: they are highly sensitive to the parameterisa
tion of surface roughness length and vegetation cover, with small deviations in these parameters leading to 
significant ET estimation errors (Gao et al. 2017; Long and Singh 2012). Feature space-based methods 
(triangle/trapezoid) estimate ET by leveraging physically meaningful LST-vegetation index relationships 
(Jiang and Islam 2001; Moran et al. 1994). Their core advantage lies in simplicity and data accessibility. 
They require only remotely retrievable LST and vegetation-related variables, avoiding complex parame
terisation of resistance or energy partitioning processes (Jiang and Islam 1999; Tang, Li, and Tang 2010). 
This makes them computationally efficient and well-suited for large-scale ET mapping, especially in 
regions with limited in-situ meteorological data (Yang and Shang 2013). However, they depend on 
cloud-free LST, suffer from unstable LST-vegetation relationships across regions/seasons, overlook non- 
temperature/vegetation drivers, and face subjective region-specific boundary calibration, limiting transfer
ability (Li, Jia, and Lu 2015a; Wang, Li, and Cribb 2006). P-T methods offer physically grounded ET 
estimation with parameter parsimony (only α coefficient), low data demand, and computational efficiency, 
which is ideal for regions with limited meteorological data (Yao et al. 2017). However, they overlook 
vapour diffusion constraints, rely on region/season-dependent α calibration, and suffer from biases under 
water-limited conditions (e.g. droughts), limiting adaptability across diverse ecosystems (Wang et al. 2024; 
Zhang et al. 2021). P-M equation-based methods enable physically rigorous ET estimation, explicitly 
incorporating energy balance and vapour diffusion processes with resistance parameterisations, ensuring 
high accuracy at local and regional scales (Cleugh et al. 2007; Mu, Zhao, and Running 2011). However, 
they have been established on the basis of local experiments and application to global scale is challenging 
(Allen et al. 1998; Yang et al. 2015). Previous studies have shown that the parameterisation of resistances, 
especially the canopy surface resistance (rs,c), has significant impact on ET estimation (Hu et al. 2013; Wei 
et al. 2020; Zhao et al. 2020). Current rs,c parameterisations are empirical/semi-empirical formulations 
relying on researchers’ prior knowledge, making it difficult to capture all the influences and interactions 
among rs,c drivers (Ball, Woodrow, and Berry 1987; Jarvis 1976; Leuning et al. 2008). In numerous P-M 
equation-based models for ET estimation (either one-source or two-source models), the Jarvis-type model 
is widely used to parameterise rs,c, with uncertainties stemming from two primary sources. First, the Jarvis- 
type equation adopts a multiplicative combination of parameters, implicitly assigning equal weight to 
multiple environmental stressors while overlooking interactions between variables and the differential 
importance of physiological responses. Second, the pre-specified values of empirical parameters can 
impede large-scale extrapolation. These processes are frequently characterised based on limited experi
mental studies, rendering their applicability to diverse vegetation and climate regimes uncertain.

The data-driven methods, including simple empirical regression models and machine learning (ML) 
algorithms, predict ET by establishing statistical relationships between the target variable and observable 
land surface variables/parameters (Jung et al. 2011, Jung et al. 2019). ML methods extract inherent patterns 
from data, building models to learn relationships between target variable and explanatory variables with 
minimal prior knowledge. Due to their superior predictive power, ML methods are increasingly used to 
derive patterns from the geoscience data for land surface process modelling and parameter retrieval (Jung 
et al. 2019; Reichstein et al. 2019; Yuan et al. 2020). However, full ML models lack physical constraints, and 
their performance is highly dependent on the quality, representativeness and coverage of training datasets 
(Wang, Gao, and Wang 2022; Yin et al. 2021). Moreover, the choice of ML algorithms and explanatory 
variables also has an impact on ET estimates (Carter and Liang 2019; Liu et al. 2021).

Hybrid models, combining physics-based models and ML algorithms, leverage the strengths of both 
approaches, offering robust frameworks for modelling complex biophysical processes (Karpatne et al. 
2017). Previous studies have demonstrated that the merits of hybrid modelling in ET estimation (Hu et al. 
2021; Koppa et al. 2022; Zhao et al. 2019), but most focused on the single-layer models that do not account 
for vegetation-soil interactions. Recent work has integrated ML-based estimators with dual-source models, 
for example, Shang et al. (2023) developed a hybrid model combining two-layer P-M equations and the 
Light Gradient Boosting Machine algorithm to estimate regional ET over the Tibetan Plateau. However, 
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these hybrid models are trained using limited ET observation sites covering narrow land cover types, with 
unclear performance in broader applications. Moreover, most studies adopted a single ML algorithm and 
fixed explanatory variables, lacking systematic evaluation of how different hybrid variants influence ET 
simulations. It remains unclear whether, and to what extent, hybrid models retain the advantages of both 
physics-based model and ML algorithms for global ET estimation across diverse scenarios.

The well-established ETMonitor model (Hu and Jia 2015; Zheng et al. 2019, Zheng, Jia, and Hu 2022) uses the 
Shuttleworth-Wallace (S-W) dual-source scheme (Shuttleworth and Wallace 1985) to estimate ET of soil- 
vegetation system by partitioning it into plant transpiration and soil evaporation. To facilitate the global 
application, Zheng, Jia, and Hu (2022) calibrated rs,c by optimising the most sensitive parameters using global 
flux tower measurements, extrapolating these parameters via plant function types (PFTs) and climate regimes. 
This calibration improves rs,c parameterisation for more accurate ET estimation but computationally intensive 
and time-consuming. ML offers a promising solution by distiling relationships from extensive global in-situ 
observations into data-driven rs,c parameterisation. ML-based rs,c predictors eliminate the need for pre-defined 
equation structure, instead using data-driven learning to infer functional relationship between the covariates (i.e. 
environmental factors) and the target variable (i.e. rs,c). They inherently assign adaptive weights to rs,c drivers, 
capturing complex non-linear and interactive physiological responses—including unobserved processes.

Thus, this study uses an unprecedented number of global in-situ observations to develop a novel, 
assumption-free ML-based rs,c algorithm. By integrating ML into the physics-based ET model ETMonitor, 
we aim to develop a hybrid model that integrates physical interpretability with data-driven representation 
of poorly understood inherent processes. The main objectives are: (1) to develop a ML-based estimation 
approach and provide a drop-in replacement for physics-based parameterisation of canopy surface 
resistance; (2) to integrate this ML-based rs,c approach into ETMonitor, establishing a hybrid framework 
fusing physical interpretability with the data-adaptive power of ML; (3) to compare the hybrid model with 
purely data-driven (i.e. full ML) model and the purely physics-based model, thereby evaluating the pros 
and cons of each strategies; (4) to interpret hybrid model prediction and quantify how different ML 
algorithms and input explanatory variables influence ET estimation accuracy.

2. Methodology

In this study, a hybrid model (ETM-SW-ML) is proposed, which integrates ML-based rs,c estimation with the S- 
W scheme embedded in ETMonitor model (ETM-SW) to estimate ET of soil-vegetation system. ML methods 
were used in two different configurations: one is directly trained to estimate ET (referred to as the full ML model), 
and the other is trained to first estimate rs,c before ET is calculated using the ETMonitor framework (referred to as 
the hybrid model). To further evaluate model performance, the hybrid model is compared with the physics-based 
model (ETM-SW, see Section 2.1) and full ML models (see Section 2.2). For the physics-based model, two 
variants of ETMonitor are evaluated: the default version (ETM-SW_default) in which parameters involved in the 
rs,c parameterisation were set according to Hu and Jia (2015), and the optimised version (ETM-SW_Zheng) 
proposed by Zheng, Jia, and Hu (2022). The set of explanatory variables for full ML models to estimate actual ET 
was selected based on a priori knowledge that accounts for the key controls of evapotranspiration process, 
including net radiation (Rn), leaf area index (LAI), plant function type (PFT), surface soil moisture (SM), vapour 
pressure deficit (VPD), air temperature (Ta), wind speed (WS), and atmospheric pressure (Pa). The selection of 
explanatory variables for rs,c estimation in the hybrid model was determined through experiments with different 
variable combinations (note: solar radiation was used to replace net radiation). Since direct in-situ measurement 
of rs,c are unavailable, rs,c values and a reference dataset were developed by inverting latent heat flux (LE) from EC 
measurements based on the ETM-SW framework (see Section 2.3).

A summary of the models is listed in Table 1, with detailed descriptions provided in the subsequent 
sections. The workflow of this study is illustrated in Figure 1.

2.1. Physics-based model

2.1.1. Shuttleworth-Wallace scheme in ETMonitor model
In ETMonitor, the Shuttleworth-Wallace dual-source model (Shuttleworth and Wallace 1985) has been 
combined with the Jarvis-type surface resistances parameterisations to estimate the total ET of soil- 
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vegetation system that is the sum of soil evaporation and vegetation transpiration. The S-W model 
accounts for the energy balance of the vegetation and soil components separately, which assumes that 
the water vapour flux arriving at the reference height in the atmosphere is the sum of water vapour 
evaporated from the vegetation and soil layers. The basic equations of the S-W model can be written as:

ET C PM C PM= · + ·c C s s (1) 

PM
Rn G C VPD r Rn G r r

r r r
=

( ) + [ ( )]/( + )
+ [1 + /( + )]C

p a c s a a a c

s c a a a c

, , ,

, , ,
(2) 

PM
Rn G C VPD r Rn r r

r r r
=

( ) + ( )/( + )
+ [1 + /( + )]s

p a s c a a a s

s s a a a s

, , ,

, , ,
(3) 

C R R R R R= {1 + · /[ ·( + )]}c c a s c a
1 (4) 

C R R R R= {1 + · /[ ·(+ )]}s s a c a
1 (5) 

Table 1. Overview of the model scenarios for ET estimation developed and compared in this study.      
Model type Model name Physical framework Method for rs,c estimation

Hybrid model ETM-SW-RF ETM-SW RF
ETM-SW-GBRT ETM-SW GBRT
ETM-SW-DNN ETM-SW DNN

Full ML model RF / /
GBRT / /
DNN / /

Physics-based model ETM-SW_default ETM-SW Jarvis-type model with default parameter setting (Hu and Jia  2015)
ETM-SW_Zheng ETM-SW Jarvis-type model with optimised parameter setting (Zheng, Jia, and Hu  2022)

Figure 1. Architecture of hybrid model for ET estimation and workflow of the model comparison.
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R r= ( + )·a a a, (6) 

R r r= ( + )· + ·s a s s s, , (7) 

R r r= ( + )· + ·c a c s c, , (8) 

where ET (W m−2) is the total ET of the soil-vegetation system; PMC and PMs (W m−2) are variables 
related to the vegetation transpiration and the soil evaporation, respectively; Cc and Cs are surface and 
aerodynamic resistance coefficients (unitless) for vegetation transpiration and soil evaporation; G (W m−2) 
is soil heat flux at soil surface; Rn (W m−2) is net radiation flux; Rnc and Rns (W m−2) are net radiation 
fluxes intercepted by the vegetation canopy and received at the soil surface, respectively; is slope of the 
saturated vapour pressure curve (Pa K−1); (Pa K−1) is the psychrometric constant; (kg m−3) is the air 
density; Cp (J kg−1 K−1) is the constant pressure specific heat; ra a, (s m−1) is the aerodynamic resistance; ra c,

and ra s, (s m−1) are the canopy and soil boundary layer resistance, respectively; rs c, and rs s, are the surface 
resistance of canopy and soil (s m−1), respectively. , , , , Cp, and VPD are determined following Allen 
et al. (1998), ra a, , ra c, , ra s, , rs s, Rn, Rnc and Rns are estimated following the ETMonitor model (Hu and Jia 
2015; Zheng, Jia, and Hu 2022). The canopy resistance rs c, is estimated by Jarvis-type parameterisation 
considering several environmental factors and described in Section 2.1.2.

2.1.2. Parameterisation of canopy surface resistance
In ETMonitor, canopy surface resistance is calculated by scaling leaf stomatal resistance with LAI using the 
Jarvis-type model (Hu and Jia 2015; Jarvis 1976). Leaf stomatal resistance is estimated using a multiplica
tive model by setting the minimum stomatal resistance (rst , min ) according to PFT and by considering the 
constraints of several environmental stress factors on rst , min . In ETMonitor, the Jarvis-type equation is 
written as (Hu and Jia 2015):

r
LAI

r
f R f T f VPD f SM

= 1 ·
( ) ( ) ( ) ( )s c

eff

st

s a r
,

, min

1 2 3 4
(9) 

where rst , min is the minimum leaf stomatal resistance (s m−1) without any environmental constrains; LAIeff

is the effective canopy leaf area index and estimated by an empirical equation following Allen et al. 2006; 
f R( )s1 , f T( )a2 , f VPD( )3 and f SM( )r4 are functions that quantifies stomatal response to environmental 
factors Rs (W m−2), Ta (°C), VPD (hPa) and root zone soil water content (SMr) (cm3 cm−3), respectively.

The stress functions fi (i = 1, 2, 3, 4), varying between 0 and 1 (0 for infinite stress; 1 for no stress with 
fully open stomata) are expressed as (Mo et al. 2004; Stewart 1988):
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where kRs is taken as 500 W m−2; Tmax , Tmin and Topt are the maximum, minimum, and optimum air 
temperatures influencing the stomatal activity, respectively; kVPD is the fitting parameter depending on PFT 
that describes the sensitivity of stomatal resistance to VPD; SMfc and SMw represent the thresholds of SM at 
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the field capacity and the wilting point, respectively, which are obtained from the soil properties map 
(Zhang, Schaap, and Zha 2018).

In the earlier version of ETMonitor (ETM-SW_default; Hu and Jia 2015), fixed parameter values (as in 
Equations (5-8)) are assigned to each PFT. Considering the comprehensive influence of climate and plant 
conditions, Zheng, Jia, and Hu (2022) optimised the most sensitive parameters (rst , min and kVPD) using in- 
situ observations from flux tower sites distributed globally to calibrate the rs c, . They ran the ETMonitor 
model with thousands of parameter-settings at each flux tower site, determining parameter values for 
different climate regimes and PFTs by minimising the difference between modelled and observed ET. 
Details of this optimised ETMonitor version (ETM-SW_Zheng) and its parameter calibration protocol can 
be found in Zheng, Jia, and Hu (2022). ET estimates from both ETM-SW_default and ETM-SW_Zheng 
were subsequently compared with the hybrid models.

2.2. Machine learning models for actual ET estimation

ML algorithms were used in two different ways, one way is trained to estimate actual ET directly (full ML 
model), as well as trained to estimate rs c, first and then calculate ET based on the ETMonitor framework 
(hybrid model). In this section, we introduce how the full ML model for actual ET estimation is developed.

2.2.1. Machine learning algorithms
Three ML algorithms, including Random Forest (RF; Breiman 2001), Gradient Boosting Regression Tree 
(GBRT; Friedman 2002) and Deep Neural Network (DNN; Chollet 2017), were selected for full ML model 
development, legveraging their well-documented strengths and proven applicability in geoscience and 
hydrology.

Proposed by Breiman (2001), RF uses the Bootstrap Aggregating (Bagging) framework to ensemble 
multiple decision trees, fallen under the category of Ensemble Learning (EL). It has been extensively 
applied to regression and forecasting tasks due to its stability and ability to handle high-dimensional data 
(Feng et al. 2017; Lu et al. 2018; Yin et al. 2021).

Introduced by Friedman (2002), GBRT is a widely used ensemble method with robust predictive 
performance, having demonstrated cutting-edge capability in geoscience-focused ET estimation (Fan et al. 
2018; Lu et al. 2018; Wang et al. 2021). Like RF model, GBRT integrate weak learners (decision stumps or 
regression trees); however, its key distinction lies in sequentially fitting new trees to the residuals of 
previous trees, thereby minimising prediction biases, whereas RF primarily reduces variances.

DNN is a prominent deep learning algorithm built upon shallow neural networks, characterised by a 
multilayer perceptron structure. Unlike shallow networks (typically 1-2 layers), DNN achieves input-to- 
target transformation through a deep sequence of layers (tens to hundreds of layers) (Chollet 2017). 
Substantial previous studies have demonstrated its excellent ability to predict a variety of hydrological 
variables (Ienco et al. 2019; Saggi and Jain 2019; Yuan et al. 2020). A key advantage over traditional ML 
methods is its insensitivity to outliers, which enhances its reliability in ET estimation.

2.2.2. Full ML model development for ET estimation
Three full ML algorithms (RF, GBRT, DNN) were trained with ET as the target variable. The explanatory 
variables included Rn, LAI, SM, VPD, Ta, WS, Pa, and PFT. PFT is regarded as categorical variable, while 
the other variables were numerical.

The architectures of the RF and GBRT models were configured by identifying the optimal values of a set 
of hyperparameters. For RF, the hyperparameter configuration was determined by evaluating the individ
ual effects of each hyperparameter and then integrating their optimal values. GBRT was tuned using a 
Bayesian optimiser to identify the optimal hyperparameter values that maximised model performance. For 
DNN, the key hyperparameters included the number of hidden layers, the number of neurons per layer, 
activation function, learning rate, and optimiser. We systematically trained a series of DNNs where the 
number of hidden layers ranged from 1 to 15, and the number of neurons per layer varied as powers of two 
(ranged from 8 to 128). As a result, the DNN configuration with 9 hidden layers (128 neurons in each 
hidden layer) yielded the optimal performance on the given dataset. The ‘Rectified Linear Units’ (ReLU) 
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activation function was adopted for the hidden layers, learning rate was set to 0.001, and the ‘Adam’ 
optimiser was used to compile the DNN model. The hyperparameter values for the three full ML models 
for ET estimation are presented in Table 2.

Flux tower measurements of ET (i.e. latent heat flux) and meteorological variables served as the core 
data source for training and validating the full ML models. These data (from 224 sites spanning divers land 
cover and climate regimes, see Section 3.1 for details) were split into two subsets: 80% of the total sample 
(from 179 sites) was used to train the ML models and parameters calibration, while the remaining 20% 
(from the rest 45 sites) severed as independent validation using metrics described in Section 2.4. The 
training dataset was randomly divided into ten smaller subsets for ten-fold cross validation. Each ML 
algorithm was tuned by varying hyperparameters to identify the optimal parameter set that minimised root 
mean square error (RMSE). These optimal parameter sets were then applied to their respective ML 
algorithm. While computationally intensive, this approach maximised sample utilisation— a key advantage 
for mitigating over-fitting. ML models were further validated using the independent validation set to assess 
the generalisation capability. All ML models were implemented in Python using the sklearn and tensorflow 
library packages.

2.3. Physics-ML hybrid model

Physics-ML hybrid models were developed by replacing the rs c, parameterisation (Equation 9) in 
ETMonitor with estimation of rs c, by ML algorithms. Therefore, three ML models for rs c, estimation 
were first developed with the three ML algorithms given in Section 2.2.1, then they are implemented in the 
ETMonitor model to obtain the respective physics-ML hybrid models, i.e. ETM-SW-RF, ETM-SW-GBRT 
and ETM-SW-DNN.

Since there are no available rs c, observations to train the ML algorithms, we generated the rs c, reference 
dataset by inverting the ETM-SW formulation using the measurements of LE (response) and the 
environmental variables (relative humidity (RH), Ta, Pa, WS, SM , Rn, G, i.e. forcing). Firstly, we calculated 
daily values of the forcing variables and parameters (except for rs c, ) in Equations (1-3) using in-situ 
measurements. Then the rs c, values were determined by minimising difference between the ET measure
ments and the ET estimates using Equations (1-8) with rs c, varying within 0-50000 s m−1. The reference rs c,
was taken as the target variable to build ML models for rs c, estimation using RF, GBRT and DNN 
algorithms. At last, by substituting the predicted rs c, value from ML models back into the ETM-SW 
formulation (Equations (1-3)) the improved daily ET estimation can be obtained.

Solar radiation (energy), LAI (vegetation) and SM (available soil water) are key controls on plant 
transpiration via their regulation of rs c, , while VPD and Ta determine the efficiency of vapour evaporation 
from the canopy surface. These environmental factors should therefore be accounted in the ML-based rs c,
estimation. Previous studies have reported that the accuracy of hybrid models improved when more 
explanatory variables are used for rs c, estimation (Chen et al. 2022). To evaluate the importance of 

Table 2. Hyperparameters and their values used in the three full ML models 
for evapotranspiration estimation.      
Hyperparameter RF GBRT DNN

n_estimators 128 120 −
max_depth 22 24 −
max_features Sqrt Sqrt −
min_samples_split 2 − −
min_samples_leaf 1 − −
criterion squared_error friedman_mse −
min_impurity_decrease − 7 −
subsample − 0.9 −
loss − squared_error mse
learning_rate − 0.002 0.001
num_hidden_layers − − 9
num_neurons − − 128
epochs − − 50
batch_size − − 4096
activation − − relu
optimiser − − adam
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explanatory variables in ML-based rs c, estimation, nine experiments with varying input variable combina
tions were conducted (Table 3). In the Jarvis-type rs c, parameterisation, LAI , VPD, Ta, Rs, SM (Test6) serve 
as the core drivers of rs c, . From Test1 to Test5, one of these five variables was sequentially excluded to 
assess its impact on hybrid model performance. Test7 and Test8 introduced two additional explanatory 
variables (PFT and Pa) not explicitly considered in the Jarvis-type model, designed to deepen insight into 
how rs c, responds to the environmental factors. Test9, which includes the most explanatory variables, 
comprises LAI, VPD, Ta, Rs, SM, Pa, and PFT. While Pa is not typically included in widely-used rs c,
parameterisations, it reflects environmental conditions (e.g. elevation) that may influence stomatal closure, 
thus justifying its inclusion in our test.

In the physics-ML hybrid models, the hyperparameter optimisation process for each ML algorithm is 
the same as in the full ML models (see Section 2.2). The hyperparameter values of each ML algorithm for 
rs c, estimation are shown in Table 4. We measured the wall-clock time and RAM cost of ML training and 
prediction, with detailed information of the computation cost provided in Supplementary Text S1 and 
Supplementary Table S1.

2.4. Model validation and interpretability analysis

We used the in-situ measurement subset excluded from model training (from 45 sites, accounting for 20% 
of the total sites) to validate both the full ML model and the physics-ML hybrid model for ET estimation. 
To assess model performance, we adopted the following commonly used metrics: Kling-Gupta efficiency 
(KGE) (Gupta et al. 2009), coefficient of determination (R2), the bias, and the RMSE. To interpret the 
model estimates, we conducted SHapley Additive exPlanation (SHAP) analysis to calculate Shapley values. 
Shapley value, proposed to calculate model predictions in cooperative game theory, is among the most 
widely used metrics for feature attribution (Wang et al. 2021). SHAP theory conceptualises model 

Table 3. Experimental designs of 
varying explanatory variable combinations 
for ML-based rs,c estimation.    
Test Explanatory variables

Test1 VPD, Ta, Rs, SM
Test2 LAI, Ta, Rs, SM
Test3 LAI, VPD, Rs, SM
Test4 LAI, VPD, Ta, SM
Test5 LAI, VPD, Ta, Rs
Test6 LAI, VPD, Ta, Rs, SM
Test7 LAI, VPD, Ta, Rs, SM, PFT
Test8 LAI, VPD, Ta, Rs, SM, Pa
Test9 LAI, VPD, Ta, Rs, SM, Pa, PFT

Table 4. Hyperparameters and their values used for the three ML-based 
models for rs,c estimation.      
Hyperparameter RF GBRT DNN

n_estimators 196 270 −
max_depth 22 40 −
max_features Sqrt Sqrt −
min_samples_split 2 − −
min_samples_leaf 1 − −
criterion squared_error friedman_mse −
min_impurity_decrease − 7 −
subsample − 0.9 −
loss − squared_error mse
learning_rate − 0.004 0.001
num_hidden_layers − − 8
num_neurons − − 128
epochs − − 150
batch_size − − 4096
activation − − relu
optimiser − − adam
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estimates as the sum of marginal contributions from individual input features (Lundberg, Erion, and Lee 
2018). This involved generating diverse input samples and tracking how model estimates change with 
features variation. We used SHAP library in Python to compute the Shapley values for each explanatory 
variable in the hybrid and full ML models, quantifying their contributions and enhancing the interpret
ability of ET estimates.

3. Data

3.1. Flux data

Flux tower data were used to train and validate the hybrid and full ML models, as well as for ET validation 
of the full physics-based models. Data were collected from a total of 224 flux tower sites globally, including 
148 from the Fluxnet2015 dataset (http://fluxnet.fluxdata.org/data/fluxnet2015-dataset/), 34 from the 
Ameriflux network (http://ameriflux.lbl.gov/), 10 from the Euroflux network (http://www.europe- 
fluxdata.eu/), 9 from the Ozflux network (https://ozflux.org.au/), 8 from the Asiaflux network (http:// 
www.asiaflux.net/), 6 from the Chinaflux network (http://chinaflux.org/) and 9 from the HiWATER 
(Heihe Watershed Allied Telemetry Experimental Research) network (https://data.tpdc.ac.cn/). These 
sites span a wide range of climate regimes, from tropical to polar regions, and encompass thirteen 
plant functional types (PFTs) based on the International Geosphere-Biosphere Programme vegetation 
classification scheme (Loveland et al. 1999): evergreen needle leaf forests (ENF), evergreen broadleaf forest 
(EBF), deciduous needle leaf forest (DNF), deciduous broadleaf forest (DBF), mixed forest (MF), closed 
shrub lands (CSH), open shrub lands (OSH), woody savannas (WSA), savannas (SAV), grasslands (GRA), 
permanent wetlands (WET), croplands (CRO) and cropland/natural vegetation mosaics (CVM). The 
spatial distribution of these 224 sites is presented in Figure 2, with detailed site information provided 
in Supplementary Table S2.

In-situ observations include measurements of LE (from eddy covariance system), radiation fluxes, Ta, 
VPD, WS, Pa and SM (from automatic weather station). For networks providing daily datasets 
(Fluxnet2015, Ameriflux, Euroflux, Chinaflux), we excluded samples with sensor failure, incomplete 
records, negative values of LE and VPD. Data from rainy days and subsequent day were also excluded 
to avoid effects of rain interception (Medlyn et al. 2011). For other networks with only half-hourly 
measurements (Ozflux, Asiaflux, HiWATER), we first removed data affected by sensor malfunction, 

Figure 2. Locations of selected flux tower sites over IGBP-classified land cover map. Different coloured pushpins denote 
training sites and validation sites, respectively.
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incomplete records, or negative LE values (Liu et al. 2018; Xu et al. 2020). Days with fewer than 40 valid 
30-min observations were then excluded, and observations from remaining days were aggregated into daily 
values. Daily records from rainy, snowy days, and the subsequent day were also removed.

The original dataset was split into two subsets: 80% of the total samples (179 sites) were used for ML 
model training and parameters calibration, while the remaining 20% (45 sites) severed as an independent 
validation set. The selection of training sites and independent validation sites adheres to criteria for 
uniform spatial distribution and sufficient representativeness of plant functional types. The independent 
validation set, excluded from the ML training process, allows evaluation of the generalisation and spatial 
simulation capabilities of both physics-ML hybrid and ML models. Details of site selection for model 
training and validation are shown in Table 5.

3.2. Remote sensing data

Remote sensing data used in this study include LAI and the global maps of soil properties (Table 6). The 8- 
day LAI data with a 500-m spatial resolution were taken from the Global Land Surface Satellite (GLASS) 
products (Xiao et al. 2014), and used for rs c, and ET estimation. Based on the location of each site, we 
extracted the LAI value for corresponding pixels and reconstructed them to daily resolution by linear 
interpolation to ensure consistency with the ET estimates. The global map of soil hydraulic properties used 
in the ETMonitor model was derived from a hierarchical parameterisation of a water retention model 
(Zhang, Schaap, and Zha 2018).

4. Results

4.1. Interpretability of the ML models

We analysed the correlations between variables to explore their dependencies (Figure 3). Factors influen
cing ET process were categorised into four groups: energy (radiation and Ta), water supply (SM), 
atmospheric water demand (VPD), and aerodynamic factor (WS). Generally, rs,c showed relatively variable 
yet weak correlations with these factors (Figure 3a), suggesting complex nonlinear responses of stomatal 
biological processes to synergistic variations among these factors. ML approaches are well-suited to 
address this, given their advantages in representing biophysical processes and identifying model parame
ters (de Bézenac, Pajot, and Gallinari 2019; Jiang et al. 2024; Kraft et al. 2020; Rasp, Pritchard, and Gentine 
2018). In addition to the above factors, vegetation distribution and condition, represented by LAI, also play 
important roles in determining transpiration, as plants extract SM from the root-zone via their root 
systems. rs,c showed a stronger correlation with VPD and LAI than with other factors, highlighting their 

Table 5. List of the selected sites for ML models training and independent validation.      
PFT Total number of sites Number of sites for training Number of sites for validation

DBF 23 18 5
DNF 3 2 1
EBF 19 17 2
ENF 43 35 8
MF 9 6 3
CRO 30 24 6
GRA 56 45 11
OSH 13 10 3
WET 9 7 2
SAV 7 5 2
WSA 7 5 2
CSH 4 4 0
CVM 1 1 0
ALL 224 179 45

Table 6. Remote sensing data used in this study.       
Source Variable Spatio-temporal resolution Periods Reference

GLASS LAI 500 m, 8-day 1996-2021 (different across sites) Xiao et al. ( 2014)
Global maps of soil properties SM SM,fc w 1 km, − − Zhang, Schaap, and Zha ( 2018)
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critical role in regulating rs,c. ET showed strong correlations with Rn, LAI and Ta (Figure 3b). In addition, 
high correlations exist among some influencing factors (e.g. VPD and Ta), suggesting potential informa
tion redundancy. Notably, ET showed a negative correlation with WS, which contradicts evapotranspira
tion mechanisms. This is probably because the relationship between ET and WS at different sites is 
significantly affected by local environmental conditions, and uncertainties in WS measurements may 
further introduce ambiguity in interpreting this relationship.

To evaluate the importance of explanatory variables in ML-based rs,c estimation, nine experiments with varying 
input variable combinations for rs,c (see Table 3) were implemented to develop the three hybrid models (i.e. ETM- 
SW-DNN, ETM-SW-GBRT, ETM-SW-RF), and Figure 4 compares the performance of these models for ET 
estimation against in-situ measurements. Overall, model performance improved with more input explanatory 
variables, characterised by higher KGE and R2 (Figure 4a,b), and lower RMSE and absolute bias (Figure 4c,d). 
Observable performance difference exists, with the hybrid model ETM-SW-DNN incorporating all seven 
explanatory variables achieving the highest KGE (0.84). Results from Test1 and Test5 (where LAI and SM 
were excluded, respectively) showed significant performance declines across all three hybrid models. In Test8 and 
Test9, the addition of Pa enhanced ET estimation performance for ETM-SW-DNN, while results varied for ETM- 
SW-GBRT and ETM-SW-RF, indicating that contribution of Pa to rs,c estimation requires further investigation. 
All seven variables (i.e. the combination in Test 9) were included in the final version of the hybrid models.

To interpret the model predictions, we conducted the SHAP analysis for both hybrid and full ML 
models. Figure 5 shows the proportion of the Shapley values for each explanatory variable, quantifying 
their contributions to target variable estimation. Contributions of each explanatory variable to rs,c and ET 
estimation vary across models with different ML configurations. In full ML models, LAI and Rn are the top 
contributors (Figure 5a); while in hybrid models, LAI and VPD dominate rs,c estimation thereby ET 
(Figure 5b). These findings align with the correlation analysis shown in Figure 3. In all these models, PFT 
had minimal influence on the variation of rs,c and ET, indicating that PFT-derived information may be 
redundant with other explanatory variables.

4.2. Validation with in-situ measurements

We first evaluated the performance of three ML algorithms (DNN, GBRT, RF) in predicting rs,c (Figure 6). 
Overall, the DNN performed better than GBRT and RF, with higher KGE and R2, and lower RMSE. As a 

Figure 3. The heat map of the correlation coefficients between the target variables and the influencing factors in the 
hybrid model and full ML models: (a) for rs,c; (b) for total ET. The values in the grid represent the correlation coefficient, 
and the colour of the grid visualises the correlation coefficient value, with red representing positive correlation and blue 
representing negative correlation.
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result, the ETM-SW-DNN also achieved the best performance in ET estimation (Figure 7), highlighting 
the importance of improving rs,c predictions accuracy, as higher rs,c accuracy contributes to better ET 
estimation. Bias analysis indicates that all three ML methods underestimate rs,c, especially for the extremely 
large values. This prediction shrinkage issue is common in many regression models, which often sacrifice 
accuracy in predicting extreme values to improve the overall fitting performance, as their objective is to 
minimise overall error (i.e. RMSE). Using complex non-linear models (e.g. DNN) to capture non-linear 
relationships in data can alleviate the inaccuracies in predicting extreme values (Chollet 2017).

We evaluated the performance of three hybrid models (ETM-SW-DNN, ETM-SW-GBRT, ETM-SW- 
RF), three full ML models (DNN, GBRT, RF) and two physics-based models (ETM-SW_default and ETM- 
SW_Zheng) by comparing daily ET estimates with in-situ measurements from the 45 independent sites 

Figure 4. Performance comparison of ET estimates from the three hybrid models (ETM-SW-DNN, ETM-SW-GBRT, ETM- 
SW-RF) with different explanatory variables combinations: (a) KGE; (b) R2; (c) bias; (d) RMSE. The unit of bias and RMSE is 
mm/d, R2 and KGE are unitless.

Figure 5. Contributions of explanatory variables based on Shapley values to: (a) rs,c estimation in the three hybrid 
models; (b) ET estimation in the three full ML models.

12 Y. ZHANG ET AL.



(Figure 7). The results indicated that the hybrid models improve the performance of the physics-based 
model in ET estimation, and show comparable accuracy with the full ML models. ETM-SW-DNN 
achieved the highest KGE (0.84), followed by the three full ML models. In addition, the full ML models 
tend to overestimate at low values and underestimate at high values, which is particularly evident in the 

Figure 6. Validation results of three hybrid models in predicting rs,c. The units of bias and RMSE are s/m, R2 and KGE are 
unitless. The black dotted line is the 1:1 line, and the red solid line is the regression line.

Figure 7. Validation of model predicted ET against in-situ measurements: three hybrid models (first row), three full ML 
models (second row), and two process-based models (third row). Units: bias and RMSE in mm/d; R2 and KGE are unitless. 
Black dotted line - 1:1 line; red solid line = regression line.
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scatter plot of RF and GBRT. From the bias result we can find that ETM-SW_default obtained strong 
negative bias due to the high rst,min value assigned to some PFTs (e.g. CRO), and the optimised version 
ETM-SW_Zheng has alleviated this problem thanks to the parameter calibration. After integrating the 
ML-based rs,c formulation into ETMonitor, the underestimation of ET was significantly reduced, suggest
ing the importance of improving the rs,c computation and the superiority of ML in rs,c simulation.

Boxplots of the four evaluation metrics for ET estimation accuracy of each model at independent 
validation sites were shown in Figure 8. Overall, the six new models (three hybrid models and three full 
ML models) performed significantly better than ETM-SW_default and slightly better than ETM- 
SW_Zheng, characterised by larger KGE and R2, and smaller bias and RMSE. For KGE, hybrid models 
produced fewer outliers and consistent ET estimation accuracy across sites, suggesting greater stability 
when applied under varying conditions. Results for R2 and RMSE limited differences between hybrid and 
full ML models, i.e. median R2 values ranged from 0.77 to 0.81, and median RMSE values from 0.53 to 
0.58. Bias values, however, reveal that physics-based and hybrid models tend to underestimate daily ET, 
whereas full ML models tend to overestimate it. Notably, replacing the Jarvis-type parameterisation 
scheme of rs c, with the DNN algorithm effectively mitigated the underestimation of daily ET by the 
ETM-SW_default model (the median bias value decreased from -0.42 to -0.04).

4.3. Model performance in different plant function types

To investigate the ability of the hybrid models to estimate ET across different plant functional types, we 
carried out the separate validation for each PFT using the four metrics (KGE, R2, bias and RMSE) 
(Figure 9). The number of sites per PFT is detailed in Table 5, with specific independent validation 
statistics for eleven PFTs are shown in Figure 9. In general, RF, GBRT and DNN showed similar 
performance for most PFTs when directly estimating ET. In contrast, when integrated into the physics- 
based model, ETM-SW-DNN outperformed ETM-SW-RF and ETM-SW-GBRT. Compared to the 
physics-based models, hybrid models performed better for most PFTs, with the exception of DNF, 
CRO and GRA. For PTFs with limited training sites (DNF, SAV, WSA and MF), hybrid models achieved 
a higher accuracy of ET estimates than the full ML models, with significant differences in metrics across 
models. For PTFs with abundant training sites (GRA, CRO, ENF and EBF), the full ML models gave better 
results, and differences in the ET estimation accuracy among models were relatively small.

To further explore how the quantity of training data for each PFT influence model performance, we 
divided the validation dataset into three types based on the number of sites per PFT: Type 1 includes PFTs 
with fewer than 10 training sites (DNF, MF, SAV, WSA and WET); Type 2 includes PFTs with 10-30 
training sites (DBF, EBF, OSH and CRO); and Type 3 includes PFTs with more than 30 training sites (ENF 
and GRA). We compared the performance of ETM-SW-DNN with that of full ML models (DNN, GBRT 
and RF) and the physics-based model (ETM-SW_Zheng) for each PTF type (Figure 10). Additionally, time 

Figure 8. Comparison of ET estimates from three hybrid models (ETM-SW-DNN, ETM-SW-GBRT, ETM-SW-RF), three full 
ML models (DNN, GBRT, RF) and two full physics-based models (ETM-SW_default and ETM-SW_Zheng) against in-situ 
measurements. Metrics (left to right): KGE, R2, bias and RMSE; Units: bias and RMSE in mm/d; R2 and KGE are unitless. 
Green dotted lines = best performance of each metric.
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series (during the growing season of one year) from three selected sites per type are shown in Figure 10 to 
investigate the model’s ability to capture seasonal ET variation. For Type 1, ETM-SW-DNN (KGE = 0.79) 
performed significantly better than other models (KGEs < 0.75) based on KGE results (Figure 10A1). ET 
estimation at the US-Ton (WSA) site differed significantly among models (Figure 10B1), with ETM-SW- 
DNN showing better agreement with in-situ observations than the full ML models. For Types 2 and 3, full 

Figure 9. Independent validation of ET estimates from six new models and the two earlier versions of ETMonitor across 
different plant functional types. All: all plant functional types. Unit: bias and RMSE in mm/d; R2 and KGE are unitless.
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ML models also achieved accurate ET estimation (Figure 10A2, A3), with little difference in the time series 
of ET estimates among models (Figure 10B2, B3).

5. Discussion

5.1. Advantages of ML-based rs,c estimation and hybrid modelling

This study developed multiple hybrid models by integrating different ML algorithms into the physics-based 
model ETMonitor, with the core goal of improving the rs,c estimation, thereby improve the accuracy and 
efficiency of ET estimation. We applied ML algorithms to replace the widely-used Jarvis-type parameterisation 
for, as rs,c is the most influential parameter for ET estimation using ETMonitor-like models, and existing 

Figure 10. (A) Comparison of model validation results (KGE) between ETM-SW-DNN and other models (ETM-SW-GBRT, 
ETM-SW-RF, DNN, GBRT, RF, ETM-SW_default and ETM-SW_Zheng) for three site types grouped by abundance of training 
sites (A1: < 10 training sites; A2: 10–30 training sites; A3: > 30 training sites). (B) Time series of estimated ET from the five 
models and measured ET at three independent validation sites selected per type, representing different PFTs.
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parameterisation schemes are plagued by large uncertainties (Hu et al. 2013; Wei et al. 2020; Zhao et al. 2020). 
The Jarvis-type formula involves numerous parameters, most of which are derived from limited literature or in- 
situ observations, making it challenging to capture complex climate and vegetation conditions (Li et al. 2015b; 
Wei et al. 2020). While Zheng, Jia, and Hu (2022) improved ET estimation by calibrating rs,c parameters using 
in-situ flux data and extrapolating to the global scale by incorporating climate regimes and PFTs, this approach 
requires extensive expert experience. Additionally, the parameter optimisation is complicated and time 
consuming, involving thousands of model runs to identify optimal parameter combinations.

ML methods provide a robust solution for rs,c simulation by avoiding uncertainties associated with pre- 
assigned empirical parameters and parameterisations of environmental stress factors (Li et al. 2015b; Reichstein 
et al. 2019). ML-based rs,c predictors do not rely on pre-defined functional forms; instead, they use data-driven 
learners to uncover intrinsic relationships between covariates and target variable (rs,c). This capability may deepen 
insights into unobserved biophysical processes and responses. Moreover, as Earth-system and climate models 
become increasingly complex, accurately estimating ET using traditional methods requires excessive computa
tional resources. ML methods have acceptable training time requirements, and once trained, ML-based rs,c 
predictors enable fast and accurate rs,c estimation—an advantage for large-scale or long-term simulations.

Integrating the ML-based rs,c predictor into the physics-based model has the potential to curb over- 
parameterisation, reduce computation times, and improve accuracy in process representation in hybrid 
schemes. Previous studies in the field of climate sciences have demonstrated the advantages of hybrid 
modelling, using ML sub-models to represent different processes (de Bézenac, Pajot, and Gallinari 2019; 
Rasp, Pritchard, and Gentine 2018) or to improve model parameter discovery (Chen et al. 2022; Koppa et al. 
2022; Kraft et al. 2020; Shang et al. 2023; Zhao et al. 2019). Hybrid models can balance the strengths of bio- 
physical process models and ML methods while overcoming the limitations of both effectively. Combining the 
physics-based model with a ML method can achieve accurate ET estimation, as well as reducing the need for 
priori knowledge and computational cost, since this approach extracts information from available observations 
while respecting bio-physical laws. For certain PFTs (e.g. GRA, CRO, ENF and EBF) with a large amount of 
training data, the performance of full ML models produced the best results (see Figure 9). However, for PFTs 
with limited training data, the performance of full ML models decreased significantly due to their excessive 
dependence on the quantity and quality of training data. This indicates that their performance is unstable for 
out-of-sample locations. Hybrid models can still achieve relatively stable performance in locations with limited 
in-situ measurements due to the consideration of physical constraints.

5.2. Selection of ML algorithms and impact of training data

We used three ML algorithms (RF, GBRT and DNN) to estimate rs c, and compared multiple hybrid model 
versions. The results showed that the hybrid model using DNN performed better than those using RF or GBRT 
to estimate rs c, . Liu et al. (2021) have suggested that artificial neural network (ANN) is more suitable for 
modelling stomatal conductance in cropland ET estimation than other ML algorithms, such as K-nearest 
neighbour algorithm, random forest, support vector machine, extreme gradient boosting algorithm, and long 
short-term memory. Our study produced similar results, as DNNs are ANNs with two or more hidden layers, 
highlighting the advantages of (deep) neural network algorithms for model parameter retrieval. The main 
advantage of DNNs is their insensitivity to outliers (Chollet 2017), an important feature that improves the 
ability and performance of the hybrid model when applied in different situations. While deep learning can 
achieve a remarkable performance, it should be noted that careful tuning is required to avoid local optimisa
tion, which can lead to overfitting (Ma et al. 2019). In this study, the hybrid models were carefully tuned by 
selecting appropriate hyperparameters to maximise accuracy and stability, thereby addressing the challenges of 
overfitting and vanishing/exploding gradients.

In addition, the representativeness of the training data and the selection of explanatory variables have great 
impact on the ML model performance. Overall, full ML models can achieve comparable accuracy to ETM-SW- 
DNN in estimating ET. For certain PFTs (e.g. GRA, CRO, ENF and EBF) with a large amount of training data, 
full ML models gave the best results (Figure 9). However, in PFTs with limited sites, the performance of full ML 
models decreased significantly due to their excessive dependence on the quantity and quality of training data. This 
indicates that their performance is unstable for out-of-sample locations. Hybrid models can still achieve relatively 
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stable performance in locations with limited in-situ measurements due to the consideration of physical 
constraints. Previous studies suggest that rs c, is mainly affected by vegetation properties (e.g. LAI or NDVI), 
moisture (e.g. RH and SM) and VPD (Li et al. 2025). A model performance would substantially decrease in the 
absence of LAI (e.g. Chen et al. 2022; Gan et al. 2018; Leuning et al. 2008). Our study also found that the accuracy 
of ET estimates decreased significantly when LAI and SM were excluded from the rs,c simulation (Figure 4). Based 
on the experimental results of different explanatory variable combinations, we adopted seven explanatory 
variables (including LAI, VPD, Ta, Rs, SM, Pa, and PFT) to estimate rs,c. The interpretability analysis results 
suggest that LAI and VPD play a leading role in rs c, estimation, followed by Ta and SM (Figure 5). This is 
consistent with the findings of previous studies (Akbar et al. 2019; Douville et al. 2016; Gentine et al. 2012). 
Furthermore, the contribution of PFT is relatively small in the hybrid and full ML models (Figure 5), and its 
absence slightly affects model performance (Figure 4). One possible explanation is that the classification 
information provided by PFT is redundant, as other variables (e.g. LAI and VPD) may partly reflect the 
differences across PFTs.

5.3. Uncertainties and perspective of this study

There are still some limitations and uncertainties that need further attention despite the hybrid model has 
shown better performance than other models in ET estimation. The rs,c cannot be observed directly and 
the reference dataset required for ML training was derived by the inversion of ETM-SW formulation 
(Equations 1-8) using in-situ measurements of ET and meteorological variables from flux tower sites. 
Measurements errors will propagate to the rs,c estimates in model inversion and ultimately affect the 
performance of the hybrid model.

Firstly, uncertainties come from the biophysical framework. In the S-W scheme, the complexity of 
radiative and convective energy exchanges in the soil and vegetation layer (Gao et al. 2017), and errors in 
the net radiation flux decomposition (Larsen and Kershaw 1996; Sinclair 2006) can lead to biases. 
Although the improved ETMonitor model has been reported to provide a more accurate ET estimation, 
further modifications are required as other parameters (e.g. rs,s) significantly affect the model performance 
in estimating soil evaporation (Chen, Huang, and McBean 2019; Wei et al. 2020). More specifically, 
measurements of surface soil moisture (SMsurf) varied slightly in depths across sites: at some sites the 
SMsurf was measured at 4 cm, while at other sites a slightly deeper depths (5 cm) was used. In the inversion 
process, SMsurf was used to calculate the soil surface resistance, a factor that also influences model 
performance (Chen, Huang, and McBean 2019; Zheng, Jia, and Hu 2022).

Secondly, uncertainties arise from the input data of the ML models. The target and explanatory 
variables used for ML model training and calibration were collected from EC flux observations. Due to 
large-scale eddies and the advection effect, the uncertainty in ET measurements by EC is approximately 5- 
30% (Foken 2008; Mahrt 2010). The ML model performance largely depends on the quality and 
representativeness of the training data, which can lead to unpredictable errors and uncertainties in the 
absence of sufficient EC observations (Denisko and Hoffman 2018). To achieve reliable model estimates, 
we collected data from as many sites as possible, carefully controlling the data quality and ensuring 
sufficient representativeness of typical PFTs in the selection of training and validation sites.

Nevertheless, this study clearly demonstrates that the developed hybrid models can accurately estimate 
ET at site scale. Full ML models also showed a comparable performance in ET simulation, particularly for 
land cover types with abundant observations. Notably, while regional and global ET benchmarks are well- 
established (Jung et al. 2019; Koppa et al. 2022; Zhang et al. 2025), our subsequent research will focus on 
enhancing the hybrid model’s capability to produce spatio-temporal continuous ET estimates using 
satellite remote sensing data. Future work will further involve mapping the spatial variability of terrestrial 
ET at regional scale and investigating the reliability of these spatial patterns.

6. Conclusion

This study proposes a hybrid evapotranspiration (ET) prediction framework that integrate machine 
learning (ML)-derived canopy surface resistance (rs,c) into the physics-based ETMonitor model. This 
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replaces the Jarvis-type rs,c parameterisation, which is prone to uncertainty, with DNN, GBRT and RF 
algorithms. This results in three hybrid models (ETM-SW-RF, ETM-SW-GBRT, ETM-SW-DNN). Three 
full ML-based models based on DNN, GBRT and RF, were also developed for direct ET estimation, and 
they were compared with the hybrid models. To validate the framework, the comprehensive evaluations 
were conducted using in-situ observations from 224 global flux tower sites, which cover diverse ecosys
tems, climate zones and PFTs. The full ML-based models and hybrid models were trained using data from 
179 sites and were independently validated at 45 sites, with additional assessments across PFTs and 
training data quantity gradients. The key findings are as follows:

(1) The hybrid models outperformed the original physics-based models (ETM-SW_default and 
ETM-SW_Zheng) with ETM-SW-DNN achieving the best performance with a KGE of 0.84. 
The full ML models (DNN, GBRT, RF) for ET estimation show comparable performance to the 
hybrid models.  

(2) Hybrid models exhibit superior stability: they mitigate the under- or over-estimation biases commonly 
found in full ML models, produce fewer outliers and maintain reliable performance for PFTs with 
limited training data. In contrast, full ML models only excel for PFTs with abundant observations, 
highlighting their dependence on data quantity and quality.  

(3) The hybrid models show better performance when more explanatory variables are used, indicating 
the importance of using comprehensive input variables in ML training. Model interpretability 
analysis using SHAP identifies leaf area index (LAI), vapour pressure deficit (VPD), and soil 
moisture (SM) as the dominant drivers of rs,c. This highlights the biological and environmental 
relevance of the ML-derived rs,c formulation rather than relying on empirical parameterisations 
and parameters.  

(4) Incorporating ML into a physics-based framework strikes a balance between process constraints and 
data-driven efficiency. Hybrid models reduce computational overhead compared to complex physical 
parameterisation, minimise reliance on prior knowledge and avoid issues of over-parameterisation.

Future research will focus on integrating satellite remote sensing data to generate continuous spatio- 
temporal ET products, mapping spatial variability of ET, and validating it against regional/global ET 
benchmarks. The hybrid framework’s ability to combine physical rigour with ML flexibility offers a 
promising tool for improving ET simulation in Earth system models and supporting water cycle research.
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