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Abstract. Hourly evapotranspiration (ET) estimation helps resolve rapid land-surface water and energy responses to radiation, 

atmospheric dryness, and aerodynamic forcing. However, the same change in total ET may arise from different combinations 

of vegetation transpiration, soil evaporation, and canopy interception evaporation, making it difficult to interpret transpiration 

and its sub-daily variability when ET is modeled only as a single bulk flux. Sap-flow observations provide direct information 

on transpiration (T), but their site coverage is sparse and tree-to-site upscaling remains uncertain. To address this issue, we 20 

integrate FLUXNET2015, SAPFLUXNET, and GIMMS LAI4g data to develop a physically constrained multi-task learning 

framework, termed MLF-ETT, for hourly joint estimation of ET and T. MLF-ETT estimates total ET and the transpiration 

fraction T/ET, deriving T as a bounded component of total ET under 0 ≤ T ≤ ET, so that limited T data contribute to joint ET-

T learning rather than serving only as isolated T targets. Compared with the baselines of single-task XGBoost and multilayer 

perceptron models, the multi-task framework primarily improved T estimation, particularly under within-site temporal 25 

generalization and high evaporative-demand conditions characterized by high vapor pressure deficit, high air temperature, or 

both. Cross-site spatial generalization showed stronger site dependence, indicating that the transferability of sparse T 

supervision remained limited by cross-site process differences and uncertainty in sap-flow-derived T data. Input allocation 

between shared and task-specific branches strongly affected model performance, whereas increasing the T-supervision weight 

alone did not consistently improve performance. Overall, the framework incorporates limited sap-flow-derived T data into 30 

hourly joint ET-T learning and estimates T as a physically bounded component of total ET, providing a constrained reference 

for sub-daily ET partitioning. 
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1 Introduction 

Evapotranspiration (ET) is a key variable linking the terrestrial water and energy cycles (Oki and Kanae, 2006) and influences 

regional climate, boundary-layer development, and ecosystem functioning through land-atmosphere feedbacks (Fisher et al., 35 

2017; Liu and Wang, 2025). Compared with daily or coarser estimates, hourly ET-related flux estimates can better resolve 

rapid responses of land-surface water and energy exchanges to radiation, humidity, and aerodynamic forcing (Althoff et al., 

2019; Zhong et al., 2019). This sub-daily perspective is particularly important for irrigation scheduling and short-term 

diagnostics of land-atmosphere water and energy exchanges (Tawegoum et al., 2015). 

Existing methods for estimating hourly actual ET can be broadly grouped into 2 methodological streams. Hereafter, ET 40 

refers to actual evapotranspiration. The first includes physically based and process-guided approaches, which estimate latent 

heat flux through surface-energy-balance closure (Allen et al., 2007; Hashem et al., 2020; Cheng et al., 2026) or derive hourly 

ET using resistance parameterizations and turbulent-flux frameworks (Gowda et al., 2013; Su, 2002); they can also estimate 

or simulate ET using canopy radiative transfer models (Duarte Rocha et al., 2022), numerical weather prediction or 

geostationary-satellite forcing (S. Ha et al., 2020), flux-equilibrium constraints (Pan et al., 2024; Zheng et al., 2025), and crop-45 

coefficient schemes (Man et al., 2025). The second includes machine-learning and hybrid data-driven approaches, which learn 

nonlinear relationships between ET and multi-source predictors from site observations, meteorological data, and remote 

sensing, and have been applied to regional hourly reconstruction (Wang et al., 2023), global flux products (Nelson et al., 2024), 

cross-site extrapolation (Shi and Cai, 2025), thermal-remote-sensing and machine-learning fusion (Reyes Rojas et al., 2021), 

physics-constrained machine learning (Zhang et al., 2025), field-scale agricultural ET estimation (Zhuang et al., 2025), and 50 

multi-source-observation-based ET estimation in complex ecosystems (Guo et al., 2023). Despite these advances, most existing 

hourly ET modeling studies still treat ET as a single bulk flux, while ET partitioning is often conducted as a separate analysis 

rather than being integrated into the ET estimation task. 

When ET is modeled only as an integrated bulk flux, it is difficult to distinguish vegetation water use from soil evaporation 

or to explain the mechanisms underlying sub-daily flux variability (Stoy et al., 2019). Partitioning ET into evaporation and 55 

transpiration (T), therefore, provides a more process-relevant basis for characterizing canopy regulation (Kool et al., 2014; 

Grossiord et al., 2020) and for interpreting transpiration as a key component of vegetation water use (Schlesinger and Jasechko, 

2014). However, incorporating T information into hourly ET modeling remains constrained by the limited availability of 

independent T observations. Sap flow observations have long been used to quantify T, and SAPFLUXNET has substantially 

improved data availability by integrating previously fragmented measurements into a standardized global database (Poyatos 60 

et al., 2021; Poyatos et al., 2016). However, existing studies have mainly used T information for ET partitioning or for 

analyzing long-term variability in the ratio of T to ET (T/ET) (Kar et al., 2025; Yu et al., 2022; Xiang et al., 2025; Zhou et al., 

2016). It remains unclear how site-limited sap-flow-derived T labels can be incorporated into hourly joint ET-T modeling, 

under what conditions such information improves T estimation, and whether it can support T estimation at sites without local 

T measurements. 65 
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Multi-task learning (MTL) provides a suitable framework for hourly joint ET-T modeling. It can learn nonlinear responses 

of target variables to environmental drivers while exploiting shared information across related tasks and retaining task-specific 

differences (Zhang and Yang, 2022). In hydrology and environmental sciences, MTL has been used for joint prediction of 

related hydrological and environmental variables (Yan et al., 2026), including streamflow and water temperature (Sadler et al., 

2022), meteorological variables (Ouyang et al., 2025), reference evapotranspiration (Ferreira et al., 2022), and rainfall-runoff 70 

processes (Li et al., 2023). These studies demonstrate the broader value of MTL for joint environmental modeling. Because 

transpiration is a major but variable component of terrestrial ET, it also fits the theoretical basis of applying multi-task models 

to related estimation targets (Wei et al., 2017; Caruana, 1997). 

Here, we develop a physically constrained multi-task learning framework, termed MLF-ETT, for hourly joint ET-T 

estimation by integrating eddy-covariance-based ET references, sap-flow-derived T labels, and GIMMS LAI4g canopy 75 

information. The contributions of this study are threefold. First, it incorporates site-limited, sap-flow-derived T labels into 

multi-task learning to test whether T information improves T estimation and supports ET learning across different 

generalization settings. Second, it uses an ET and T/ET output structure to derive T as a bounded component of total ET under 

0 ≤ T ≤ ET, enabling physically constrained T estimates at ET-only sites. Third, it evaluates how environmental-condition 

windows, input feature combinations, and T-supervision strength affect model performance under within-site temporal and 80 

cross-site spatial generalization. Overall, MLF-ETT extends hourly ET modeling from single-output bulk-flux estimation 

toward physically constrained joint ET-T estimation when T labels are available only at a subset of sites. 

2 Data 

2.1 Data sources 

This study used 3 complementary datasets: FLUXNET2015, SAPFLUXNET, and GIMMS LAI4g. FLUXNET2015 85 

(https://fluxnet.org/data/fluxnet2015-dataset/; accessed on 20 April 2026) provided half-hourly or hourly eddy-covariance 

fluxes and environmental variables, including air temperature (Ta), vapor pressure deficit (VPD), air pressure (Pa), wind speed 

(WS), relative humidity (RH), net radiation (Rn), gross primary productivity (GPP), and latent heat flux (LE) (Pastorello et al., 

2020). GPP was represented by GPP_NT_VUT_REF, derived using the nighttime respiration partitioning method. 

SAPFLUXNET (https://sapfluxnet.creaf.cat/; accessed on 20 April 2026) provided hourly sap-flow observations and 90 

metadata on site conditions, stand structure, species attributes, measurement methods, and observation coverage (Poyatos et 

al., 2021; Poyatos et al., 2016). These data were used to derive site-scale T reference values from tree-level measurements. 

Given the limited site coverage and methodological heterogeneity of SAPFLUXNET, the derived T values were treated as 

site-limited T reference values, and observation coverage was used for sample weighting during model training. 

Canopy structural information was obtained from GIMMS LAI4g (https://zenodo.org/records/8281930; accessed on 20 95 

April 2026), which provides global leaf area index (LAI) data for vegetated regions from 1982 to 2020 at a semi-monthly 
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temporal resolution and a 1/12° spatial resolution (Cao et al., 2023). LAI was used to characterize seasonal changes in canopy 

structure. 

2.2 Data processing 

2.2.1 ET reference 100 

Hourly ET reference values were derived from the energy-balance-corrected latent heat flux (LE_CORR) in FLUXNET2015 

(Eqs. (1) and (2)). Quality control was adapted from Rong et al. (2024) and Li et al. (2019). Records with missing variables or 

low-quality flags were removed, and precipitation periods and the following 6 h were excluded to reduce the effects of rainfall, 

canopy interception, and post-rain evaporation. The analysis was restricted to daytime conditions. Additional filters were 

applied to remove periods with poor flux representativeness, including RH > 95 %, Rn < 30 W m-², and negative GPP, LE, or 105 

VPD. Half-hourly records were then aggregated to hourly resolution. 

𝐸𝑇 =
𝐿𝐸×3600

𝜆
 ,            (1) 

𝜆 = 2.500 × 106 − 2.386 × 103𝑇𝑎 ,         (2) 

where LE is the hourly mean latent heat flux (W m-²); Ta is the hourly mean air temperature (°C); 𝜆 is the latent heat of 

vaporization (Henderson-Sellers, 1984) (J kg-1); and ET is expressed in mm h-1. The constants in Eq. (2) have units of J kg-1 110 

and J kg-1 °C-1, respectively. 

2.2.2 T reference 

Hourly T reference values were derived by upscaling SAPFLUXNET tree-level sap-flow measurements to site-level estimates 

following Bright et al. (2022). To reduce methodological inconsistency, only sites measured with the heat dissipation (HD) 

method were retained (De Aguiar-Campos et al., 2025). In the absence of sufficient site-specific calibration information, sap-115 

flow density was adjusted using the default correction factor of 1.405 for HD measurements (Flo et al., 2019). 

Because sap-flow-derived T estimates may be inconsistent with independent ET references at larger spatial scales (Ford et 

al., 2007). The derived T reference values were further screened to reduce the influence of sap-flow upscaling bias on T 

supervision. Sites for which more than 5 % of candidate samples had T > ET were regarded as potentially affected by systematic 

overestimation. For each affected site, a site-specific multiplicative scaling factor was applied to the T reference series to 120 

reduce the proportion of samples with T > ET to 5 %. This rescaling was applied uniformly to all T reference values at the 

affected site and did not modify the ET reference values. This procedure reduced clear-site-scale inconsistency in sap-flow-

derived T reference values, and the remaining 5 % of samples with T > ET were retained during training via coverage-based 

sample weighting. 
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2.2.3 LAI processing and multi-source alignment 125 

Because GIMMS LAI4g is provided at a semi-monthly resolution, each LAI value was assigned to hourly flux and sap-flow 

records within the corresponding half-month period. Missing or invalid LAI records were removed. The processed ET, T, input 

features, and LAI were then timestamp-aligned to generate the final hourly sample set. 

2.3 Study sites 

After quality control, hourly aggregation, and LAI matching, 112 FLUXNET2015 sites contained at least 2000 hours of valid 130 

ET. Among sites with co-located sap-flow observations, we retained only HD sites with at least 1000 aligned T-labeled samples. 

This screening yielded 7 T-labeled sites, defined here as sites with paired ET and sap-flow-derived T reference values; sites 

without usable T labels but with ET reference values were defined as ET-only sites. For model evaluation, 2 experimental 

datasets were defined: 25 evergreen needleleaf forest (ENF) sites for cross-site spatial generalization and 7 T-labeled sites for 

within-site temporal generalization (Fig. 1). The cross-site spatial experiment was restricted to ENF sites to reduce ecosystem-135 

type heterogeneity and to focus on transferability within a relatively homogeneous plant functional type. 
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Figure 1. Spatial distribution of the 28 unique study sites used for model training and validation. Note: Colors indicate IGBP classes, and 

filled symbols indicate the 7 T-labeled sites with paired ET and sap-flow-derived T reference values. Open symbols indicate ET-only sites. 

Map boundaries were generated from Natural Earth data. 140 

The 7 T-labeled sites comprised 4 ENF, 2 deciduous broadleaf forest (DBF), and 1 evergreen broadleaf forest (EBF) site 

according to the International Geosphere-Biosphere Programme (IGBP) classification (Fu et al., 2022; Pastorello et al., 2020). 

Among the 7 T-labeled sites, 4 were also present in the 25-site ENF dataset; therefore, the 2 experimental datasets comprised 

28 unique study sites. Table 1 summarizes the observation periods, ET-valid hours, T-labeled hours, IGBP classes, and 

geographic coordinates for all sites used for model training and validation. 145 

Table 1. Study site information. Note: ET-valid hours indicate the number of valid ET samples after quality control, hourly aggregation, and 

multi-source temporal alignment; T-labeled hours indicate the number of samples with T reference values; 0 indicates that no usable T labels 

were available at the site. Sites are grouped by IGBP class. 

Site code Data years 
ET-valid 

hours 

T-labeled 

hours 
IGBP Latitude (°) Longitude (°) 

CA-Obs 1999–2002 3,637 0 ENF 53.9872 -105.1178 

CA-Qfo 2004–2010 10,005 0 ENF 49.6925 -74.3421 

CA-SF1 2003–2006 5,666 0 ENF 54.4850 -105.8176 
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CA-SF2 2002–2005 5,465 0 ENF 54.2539 -105.8775 

CA-TP1 2010–2014 6,618 0 ENF 42.6609 -80.5595 

CA-TP3 2008–2014 11,421 4,518 ENF 42.7068 -80.3483 

CA-TP4 2008–2014 11,208 7,366 ENF 42.7102 -80.3574 

CH-Dav 1997–2011 17,102 0 ENF 46.8153 9.8559 

CN-Qia 2003–2005 4,086 0 ENF 26.7414 115.0581 

CZ-BK1 2005–2014 9,864 0 ENF 49.5021 18.5369 

DE-Lkb 2009–2013 2,244 0 ENF 49.0996 13.3047 

DE-Obe 2008–2014 9,328 0 ENF 50.7867 13.7213 

DE-Tha 
1997–2003, 

2009–2014 
19,440 0 ENF 50.9626 13.5651 

FI-Hyy 2003–2011 10,329 0 ENF 61.8474 24.2948 

FI-Let 2009–2012 2,869 0 ENF 60.6418 23.9595 

FR-LBr 
1996–1998, 

2000–2008 
13,417 0 ENF 44.7171 -0.7693 

IT-Lav 
2004, 2007–

2014 
10,487 0 ENF 45.9562 11.2813 

IT-Ren 2010–2012 4,267 0 ENF 46.5869 11.4337 

NL-Loo 1996–2012 20,269 1,015 ENF 52.1666 5.7436 

RU-Fyo 

1998–1999, 

2002–2012, 

2014 

15,860 3,987 ENF 56.4615 32.9221 

US-Blo 1997–2007 17,071 0 ENF 38.8953 -120.6328 

US-Me2 2005–2014 17,099 0 ENF 44.4526 -121.5589 

US-Me3 2004–2009 8,639 0 ENF 44.3154 -121.6078 

US-Me5 2000–2002 3,745 0 ENF 44.4372 -121.5668 

US-Wi4 2002–2005 3,287 0 ENF 46.7393 -91.1663 

FR-Fon 2005–2013 15,849 12,402 DBF 48.4764 2.7801 

US-UMB 2000–2014 28,889 3,837 DBF 45.5598 -84.7138 

FR-Pue 2004–2014 15,516 15,516 EBF 43.7413 3.5957 

3 Methods 

3.1 Framework design 150 

MLF-ETT was designed as a physically constrained multi-task learning framework for hourly joint estimation of ET and T 

under limited sap-flow-derived T data. The framework integrates eddy-covariance-based ET references from FLUXNET2015, 

sap-flow-derived T reference values from SAPFLUXNET, and canopy structural information from GIMMS LAI4g. Its core 

estimation structure consists of an ET output branch and a transpiration-ratio output branch. The ET branch estimates total ET, 

whereas the ratio branch estimates T/ET; T is then derived as the product of the estimated ET and T/ET, subject to the physical 155 

constraint 0 ≤ T ≤ ET. This design allows T labels to provide paired or auxiliary supervision during training while generating 

physically bounded T estimates for ET-only sites. 

The workflow of the framework is shown in Fig. 2 and includes data integration, model comparison, training and validation 

design, and diagnostic analyses. Model comparison included 2 single-task models and 3 multi-task models. The single-task 

models were XGBoost (XGB) and multilayer perceptron (MLP). In contrast, the multi-task models were Shared-Bottom (SB), 160 
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Multi-gate Mixture-of-Experts (MMOE), and Progressive Layered Extraction (PLE). The validation design included 2 

generalization scenarios: within-site temporal generalization at the 7 T-labeled sites and cross-site spatial generalization across 

the 25 ENF sites. Additional diagnostic analyses were conducted for environmental-condition windows, input feature 

combinations, and T-supervision strength. 
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 165 

Figure 2. Overall workflow and validation design of the MLF-ETT framework. Note: Within-site temporal generalization was evaluated 

using block-wise validation at T-labeled sites, whereas cross-site spatial generalization was evaluated using leave-one-site-out validation 
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across ENF sites. Hyperparameters were optimized using Optuna within the inner cross-validation loop for each outer split, and the final 

models were retrained with the selected hyperparameters. L denotes the loss function; 𝝀𝑻 denotes the weight of T supervision; w denotes the 

sample weight for T-labeled samples; N denotes the number of samples involved in loss calculation under the corresponding scenario; D 170 
denotes the set of samples with the corresponding task labels.  

3.1.1 Training loss and sample weights 

The role of T supervision differed between the 2 validation scenarios because T-label coverage was uneven. In the within-site 

temporal scenario, training, validation, and test samples from the 7 T-labeled sites all had paired ET and T reference values. In 

the cross-site spatial scenario, ET reference values were available for all ENF samples, whereas T reference values were 175 

available only for subsets of samples from 4 sites. Thus, T labels provided paired ET-T supervision in the temporal scenario 

and sparse auxiliary T supervision in the spatial scenario. In the spatial scenario, samples without T labels contributed only to 

the ET loss. However, the MLF-ETT output structure still allowed bounded T estimates to be generated for these ET-only 

samples. 

Accordingly, the single-task ET model minimized the ET loss over all available samples, whereas the single-task T model 180 

minimized the T loss only over samples with T labels: 

𝐿𝐸𝑇 =
1

𝑁𝐸𝑇
∑ (𝐸𝑇𝑖̂ − 𝐸𝑇𝑖)

2𝑁𝐸𝑇
𝑖=1 , 𝐿𝑇 =

1

𝑁𝑇
∑ 𝑤𝑇,𝑗(𝑇𝑗̂ − 𝑇𝑗)

2𝑁𝑇
𝑗=1  ,       (3) 

where N denotes the number of samples with labels for the corresponding task, and the 𝑇̂ was calculated as the product of the 

ET estimate and the estimated T fraction. For T-labeled hourly samples, T supervision was further weighted using sap-flow 

observation coverage and anomaly flags (Poyatos et al., 2021): 185 

𝑤𝑇 = 𝛾 × 𝑇𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒  ,           (4) 

where 𝛾 is an anomaly penalty, set to 0.1 when T > ET in the training samples and to 1 otherwise, and 𝑇𝑐𝑜𝑣𝑒𝑟𝑎𝑔𝑒  denotes sap-

flow observation coverage (%). This weighting reduces the influence of low-coverage or potentially unreliable T labels while 

retaining information on T dynamics.  

The multi-task training objective was defined as: 190 

𝐿 = 𝐿𝐸𝑇 + 𝜆𝑇𝐿𝑇 ,            (5) 

where 𝜆𝑇 controls the relative strength of T supervision compared with ET supervision 

3.1.2 Validation schemes 

Within-site temporal generalization. Within-site temporal generalization was used to evaluate model performance across 

time periods within the same site. For each T-labeled site, samples were ordered chronologically and divided into 5 contiguous 195 

temporal blocks. In each outer-loop split, 1 block was held out as the independent test segment, while the remaining 4 blocks 
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were used for inner cross-validation and model tuning. Final metrics were calculated after concatenating estimates from the 5 

held-out blocks. 

Cross-site spatial generalization. Cross-site spatial generalization was used to evaluate transferability across ENF sites. 

Leave-one-site-out (LOSO) validation was implemented across the 25 ENF sites, adapted from Shi et al. (2023) and 200 

Tramontana et al. (2016). In each outer-loop split, 1 site was held out for testing, and the remaining sites were used for model 

training and inner-loop tuning. For the inner 5-fold split, sites with and without T labels were assigned to separate inner folds 

to balance the representation of T-labeled and ET-only sites. 

Sensitivity to T-supervision strength. The multi-task models were first tuned and trained with 𝜆𝑇 = 1.0, which was used 

as the reference T-supervision setting. To examine the sensitivity to auxiliary T supervision under cross-site spatial 205 

generalization, the models were retrained with 𝜆𝑇 = 0.5 and 𝜆𝑇 = 2.0 under the same training protocol. Their performance 

was then compared with the 𝜆𝑇 = 1.0 to isolate the effect of T-supervision strength from that of the input-sharing structure. 

3.1.3 Hyperparameter optimization and model selection 

All candidate models were tuned using inner cross-validation on the outer-loop training set (Table 2), avoiding model selection 

based on a single fixed training-validation split. Hyperparameter optimization was implemented with Optuna using the tree-210 

structured Parzen estimator (TPE) sampler and 20 trials by default (Akiba et al., 2019). TPE fits parameter distributions from 

completed trials and preferentially samples candidate parameters from regions more likely to improve performance, thereby 

increasing search efficiency in high-dimensional mixed hyperparameter spaces (Bergstra et al., 2011). For neural-network 

models, the maximum number of inner-loop training epochs was set to 100, and early stopping on the validation set was used 

to record the best epoch. Final outer-loop training did not use early stopping; instead, the median of the best epochs across the 215 

inner folds was used as the fixed number of training epochs. 

To keep ET and T on a consistent numerical scale during joint training, the 99th percentile of ET was calculated from the 

outer-loop ET training set for each temporal or spatial split, and the same scaling factor was then applied to both ET and T. 

Compared with maximum-value scaling, this percentile-based scaling reduces the influence of a small number of extreme 

samples on training stability. 220 

Hyperparameters for single-task models were selected based on the root mean square error (RMSE) on the inner validation 

set for the corresponding target. Hyperparameters for multi-task models were selected using the following composite validation 

objective: 

𝐽 = 0.5𝑅𝑀𝑆𝐸𝐸𝑇 + 0.5𝑅𝑀𝑆𝐸𝑇  ,          (6) 

where RMSE𝐸𝑇 and RMSE𝑇 are the ET and T root mean square errors on the validation set (mm h-1), respectively. If no T-225 

labeled samples were available in the current validation set, the objective was reduced to RMSE𝐸𝑇. 

Table 2. Hyperparameter search space of the candidate models. 

Model Hyperparameter Search range 
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XGB Number of trees 300–1500 

Tree depth 2–8 

Learning rate 1×10-4 to 0.1 

Row/column subsampling ratio 0.6–1.0 

Minimum child weight 1×10-2 to 10 

L1 regularization 1×10-4 to 0.1 

L2 regularization 1×10-3 to 10 

Split penalty 0–5 

MLP Hidden layers 2–4 layers 

Hidden width 
(128-64), (256-128), (256-128-64), (512-256-128), (512-

256-128-64) 

Dropout 0–0.3 

Learning rate 1×10-4 to 3×10-3 

L2 regularization 1×10-6 to 1×10-3 

SB Shared-layer depth 3–5 layers 

Shared-layer width 
(128-64-32), (256-128-64), (256-128-64-32), (512-256-128-

64), (512-256-128-64-32) 

Task-branch depth 2–4 layers 

Task-branch width 
(128-64), (128-64-32), (256-128-64), (256-128-64-32), 

(512-256-128-64) 

Dropout 0–0.5 

Learning rate 1×10-4 to 3×10-3 

L2 regularization 1×10-6 to 1×10-3 

MMOE Number of experts 4, 6, 8, 10, 12 

Other hyperparameters Same as SB 

PLE Number of shared experts 2, 3, 4, 6, 8 

Number of task-specific experts Fixed at 2 per task 

Other hyperparameters Same as SB 

3.2 Machine learning models 

We used single-task and multi-task models to estimate hourly ET and T from environmental, radiative, and vegetation input 

features, incorporating site-limited sap-flow-derived T labels into joint ET-T learning. 230 

3.2.1 Input features 

The 9 input variables were selected to represent atmospheric evaporative demand, surface energy supply, and vegetation 

physiological and structural conditions (Amani and Shafizadeh-Moghadam, 2023; Zhang et al., 2021). Specifically, Ta, RH, 

Pa, VPD, and WS characterize near-surface thermodynamic, moisture, and aerodynamic conditions (Feng et al., 2024; Woo, 

2026); Rn and solar elevation angle (hs) represent available energy and radiation geometry (Braghiere et al., 2020); and GPP 235 

and LAI represent vegetation physiological activity and canopy structure (Leng et al., 2024; Shi and Cai, 2025; Medlyn et al., 

2011). 
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To examine whether the organization of shared and task-specific information affected joint ET and T estimation, the 9 input 

features were grouped into meteorological (M: Ta, VPD, Pa, WS, and RH), radiation (R: Rn and hs), and vegetation (V: GPP 

and LAI) groups. Based on these groups, the multi-task input feature combinations listed in Table 3 were constructed. 240 

Table 3. Input feature combinations for the multi-task models. Note: M, R, and V denote the meteorological, radiation, and vegetation 

groups, respectively; features to the left of “|” are shared input features, whereas features to the right are branch-specific extra features for 

the ET tower and the transpiration-ratio tower; “—” indicates no branch-specific extra features. 

Feature combination Shared features ET features Ratio features 

All M, R, V — — 

M|RV M R, V R, V 

MR|V M, R V V 

RV|M R, V M M 

3.2.2 Single-task models 

XGB and MLP were used as single-task models. XGB captures nonlinear relationships and variable interactions through 245 

gradient-boosted decision trees (Chen and Guestrin, 2016), whereas MLP learns continuous mappings between inputs and 

targets using fully connected feed-forward networks (Rumelhart et al., 1986). Both approaches have been widely used to 

estimate evapotranspiration, latent heat flux, and related environmental variables (Ferreira et al., 2022; Sharafi and 

Mohammadi Ghaleni, 2024; Feng et al., 2024; Shan et al., 2020). Separate single-task models were trained for ET and T using 

the full input feature set (hereafter referred to as “All”). These reference models were used to evaluate whether the multi-task 250 

framework yielded gains beyond task-specific learning and to serve as a reference for interpreting model errors. 

3.2.3 Multi-task models 

The comparison included 3 multi-task models: SB, MMOE, and PLE (Fig. 3). All models used MLP modules and estimated 

total ET and the transpiration fraction T/ET. 

Model inputs and outputs. For each input feature combination, input features were divided into shared input features and 255 

branch-specific extra features. Shared features were passed through the shared trunk or expert layers to learn representations 

common to ET and T. Branch-specific extra features were then concatenated with these representations before estimation. 

Consistent with the MLF-ETT output design, each multi-task model used 2 output branches: an ET tower and a transpiration-

ratio tower. The ET tower estimated total ET, whereas the ratio tower estimated the transpiration fraction T/ET; the final T 

estimate was obtained by multiplying the two outputs. 260 
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Figure 3. Schematic of the 3 multi-task models. Note: The ET tower outputs total evapotranspiration, and the transpiration-ratio tower 

outputs T/ET; their product gives the T estimate. B denotes batch size; n denotes the input dimension; dh denotes the hidden representation 

dimension; h denotes the shared or gate-aggregated hidden representation; z denotes the fused task-tower input; E denotes an expert network; 

and W and b denote the weight matrix and bias term of the gating network, respectively. 265 

SB model. SB is the canonical hard-parameter-sharing multi-task model. It uses a single shared trunk to extract a common 

representation from the shared input features and then passes this representation to task-specific towers for estimation (Caruana, 

1993). In this study, the shared input features were first passed through the shared-bottom trunk: 

ℎ = 𝑓𝑠ℎ𝑎𝑟𝑒𝑑(𝑥𝑠ℎ𝑎𝑟𝑒𝑑) ,           (7) 

where 𝑓𝑠ℎ𝑎𝑟𝑒𝑑 denotes the MLP mapping of the shared-bottom trunk and 𝑥𝑠ℎ𝑎𝑟𝑒𝑑  denotes the shared input features. The shared 270 

representation was then concatenated with the extra features of the ET tower and the transpiration-ratio tower to form task-

specific inputs: 

𝑧𝑡 = [ℎ; 𝑥𝑡] ,            (8) 

where 𝑥𝑡 denotes the extra features for task t, with 𝑡 ∈ {𝐸𝑇, 𝑟}. SB is parameter-efficient and stable during training, but it may 

suffer from task conflict or negative transfer when the processes controlling ET and T differ across sites or environmental 275 

conditions. 
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MMOE model. MMOE organizes shared information more flexibly through multiple shared expert networks and task-

specific gating mechanisms. Instead of forcing both tasks to use a single common representation, MMOE learns task-specific 

combinations of shared expert outputs (Ma et al., 2018). The shared input features were passed into K parallel expert networks 

to obtain expert outputs: 280 

𝑒𝑖 = 𝐸𝑖(𝑥𝑠ℎ𝑎𝑟𝑒𝑑), 𝑖 = 1,2, … , 𝐾 ,          (9) 

where 𝐸𝑖(∙) denotes the ith expert network. Each task then assigned weights to the expert outputs using its task-specific gating 

network: 

𝑤𝑡 = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥(𝑥𝑠ℎ𝑎𝑟𝑒𝑑𝑊𝑡 + 𝑏𝑡) ,          (10) 

where 𝑊𝑡  and 𝑏𝑡  denote the weight matrix and bias vector of the corresponding gating network, respectively. The expert 285 

outputs were then combined as a weighted sum to form a task-specific hidden representation: 

ℎ𝑡 = ∑ 𝑤𝑡,𝑖𝑒𝑖(𝑥𝑠ℎ𝑎𝑟𝑒𝑑)𝐾
𝑖=1  ,          (11) 

After obtaining the task-specific hidden representations, each representation was concatenated with the corresponding extra 

features and passed into the ET tower or the transpiration-ratio tower. Compared with SB, MMOE allows ET and the 

transpiration fraction to use the same expert pool with different task-specific weights, although the experts themselves remain 290 

fully shared. 

PLE model. PLE further separates shared experts from task-specific experts, thereby retaining both transferable information 

and task-specific information (Tang et al., 2020). This model was included because ET and T are physically related but not 

controlled by identical processes, particularly when transferring across sites with different canopy structure and energy 

partitioning. The shared input features were first passed into shared expert networks to obtain shared expert outputs: 295 

𝑒𝑖
𝑠ℎ𝑎𝑟𝑒𝑑 = 𝐸𝑖

𝑠ℎ𝑎𝑟𝑒𝑑(𝑥𝑠ℎ𝑎𝑟𝑒𝑑), 𝑖 = 1,2, … , 𝐾 ,         (12) 

In parallel, the input was passed into task-specific experts, fixed at 2 experts per task, to obtain task-specific representations: 

𝑒𝑖
𝑡 = 𝐸𝑖

𝑡(𝑥𝑠ℎ𝑎𝑟𝑒𝑑), 𝑖 = 1,2 ,          (13) 

where 𝐸𝑖
𝑠ℎ𝑎𝑟𝑒𝑑 and 𝐸𝑖

𝑡 denote the shared and task-specific expert networks, respectively. The shared and task-specific expert 

outputs were then weighted and combined to form task-specific hidden representations: 300 

ℎ𝑡 = ∑ 𝑤𝑡,𝑖𝐸𝑖
𝑠ℎ𝑎𝑟𝑒𝑑(𝑥𝑠ℎ𝑎𝑟𝑒𝑑)𝐾

𝑖=1 + ∑ 𝑤𝑡,𝐾+𝑗
2
𝑗=1 𝐸𝑗

𝑡 ,        (14) 

Compared with SB and MMOE, PLE provides both shared and task-specific pathways, making it more flexible for 

representing related but non-identical ET and T processes. 
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3.3 Evaluation metrics 

Model performance was evaluated using the Kling-Gupta efficiency (KGE, Eqs. (15) and (16)), following Gupta et al. (2009) 305 

and RMSE (Eq. (17)). RMSE was used as the optimization criterion during hyperparameter tuning, whereas final results were 

reported primarily using KGE and secondarily using RMSE. KGE jointly characterizes correlation, variability, and mean bias, 

making it suitable for evaluating the overall agreement between hourly estimates and reference values. A KGE value closer to 

1 indicates stronger agreement. 

KGE = 1 − √(𝑟 − 1)2 + (𝛼 − 1)2 + (𝛽 − 1)2 ,        (15) 310 

where r is the correlation coefficient between estimated and reference values, 𝛼 is the standard deviation ratio, and 𝛽 is the 

mean ratio. 

𝛼 =
𝜎𝑒𝑠𝑡

𝜎𝑜𝑏𝑠
, 𝛽 =

𝜇𝑒𝑠𝑡

𝜇𝑜𝑏𝑠
 ,           (16) 

where 𝜎𝑒𝑠𝑡  and 𝜎𝑜𝑏𝑠 are the standard deviations of estimated and reference values, respectively, and 𝜇𝑒𝑠𝑡 and 𝜇𝑜𝑏𝑠 are their 

corresponding means. RMSE quantifies the absolute magnitude of estimation errors (mm h-1). A smaller RMSE indicates lower 315 

overall model error.  

RMSE = √
1

𝑛
∑ (𝑦𝑒𝑠𝑡,𝑖 − 𝑦𝑜𝑏𝑠,𝑖)

2𝑛
𝑖=1  ,          (17) 

where n is the sample size, and 𝑦𝑒𝑠𝑡,𝑖 and 𝑦𝑜𝑏𝑠,𝑖 denote the estimated and reference values for sample i, respectively. 

3.4 Model interpretation 

To provide a supplementary interpretation of model dependence on input variables, we applied SHapley Additive exPlanations 320 

(SHAP) analysis to the trained single-task MLP and PLE models (Lundberg and Lee, 2017). To reduce computational cost, 

SHAP values were calculated using selected saved models and sampled training records: the first outer-fold model for each T-

labeled site for temporal generalisation, and each T-labeled-site LOSO model for spatial generalization, with at most 200 

sampled records used for interpretation. SHAP values were calculated using DeepExplainer, and variable importance was 

summarized as the mean absolute SHAP value of each input feature; for the PLE model, SHAP values were calculated for 325 

both ET and the derived T estimate. 

4 Results 

The multi-task models were evaluated from 4 perspectives: overall site-level performance, representative-site responses, 

environmental-condition-specific errors, and model-configuration effects. Site-level KGE and ΔKGE relative to the best 

single-task model were first used to assess overall model performance in terms of temporal and spatial generalization. 330 
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Environmental-condition windows, input feature combinations, and T-supervision weights were then examined to further 

evaluate the model's behavior under physically relevant conditions and configurations. 

4.1 Within-site temporal generalization 

The site-level KGE for ET and T, and the corresponding ΔKGE relative to the better single-task model, defined as the model 

with the higher KGE between XGB and MLP for the corresponding target variable, are compared and shown in Fig. 4. 335 

Representative T-labeled sites were further examined using the scatter-density plots shown in Fig. 5 to determine whether 

corresponding changes in ET-KGE accompanied changes in T-KGE. 

Within-site temporal generalization, the main performance gain of the multi-task models was observed for T-KGE rather 

than ET-KGE (Fig. 4). Relative to the better single-task model at each site, SB, MMOE, and PLE showed positive ET gains at 

0/7 sites, with median ΔKGE values of −0.0200, −0.0059, and −0.0072, respectively. In contrast, T showed clearer positive 340 

gains: SB, MMOE, and PLE showed positive T gains at 3/7, 6/7, and 7/7 sites, respectively, with median ΔKGE values of 

−0.0036, +0.0256, and +0.0141. Thus, positive ΔKGE responses under within-site temporal generalization were observed 

primarily for T, particularly for MMOE and PLE. 
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Figure 4. Site-level KGE and ΔKGE for ET and T under within-site temporal generalization. Note: For SB, MMOE, and PLE, KGE 345 
values were averaged across input feature combinations within each site. ΔKGE was calculated relative to the better single-task model, 

defined as the model with the higher KGE between XGB and MLP for the corresponding target variable. Dashed horizontal lines indicate 

ΔKGE = 0. 

Across representative T-labeled sites, T-KGE improvements were also clearer than ET-KGE improvements (Fig. 5). The MLP 

T-KGE was 0.650 at CA-TP3 but only 0.148, −0.175, and −0.147 at CA-TP4, RU-Fyo, and NL-Loo, respectively. In 350 

comparison, the best multi-task T-KGE values at these 4 sites reached 0.688 (PLE-RV|M), 0.491 (PLE-M|RV), 0.471 (PLE-

All), and 0.800 (MMOE-RV|M), respectively. 

Concurrent ET-KGE and T-KGE gains occurred at some sites (Fig. 5). At CA-TP3 and CA-TP4, the best multi-task ET 

configurations had slightly higher ET-KGE than MLP, with KGE values of 0.864 (PLE-All) versus 0.857 (MLP) and 0.746 

(MMOE-M|RV) versus 0.732 (MLP), respectively. At RU-Fyo and NL-Loo, T-KGE gains were not accompanied by consistent 355 

ET-KGE gains, although a few configurations approached or slightly exceeded the MLP result. 
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Figure 5. Observed versus estimated ET and T at 4 representative T-labeled sites within the ENF dataset under within-site temporal 

generalization. Note: The left panels show XGB and MLP, whereas the right panels show multi-task models with different input feature 

combinations. In the multi-task panels, columns indicate input feature combinations; M, R, and V denote meteorological, radiation, and 360 
vegetation feature groups, respectively; and features before and after “|” indicate shared and branch-specific inputs. Rows indicate SB, 

MMOE, and PLE. The grey diagonal line indicates the 1:1 line, and color bars indicate sample counts in the hexbin plots. 

4.2 Cross-site spatial generalization 

The site-level KGE for ET and T, and the corresponding ΔKGE relative to the best single-task model, are compared in Fig. 6. 

Representative T-labeled sites were further examined using the scatter-density plots shown in Fig. 7 to assess whether the 365 

effects of the multi-task models on ET-KGE and T-KGE were consistent across sites. 

ET-KGE responses were site-dependent under cross-site spatial generalization (Fig. 6). Relative to the better single-task 

model at each site, SB, MMOE, and PLE showed positive ET gains at 6/25, 10/25, and 9/25 sites, respectively, with median 

ΔKGE values of −0.0120, −0.0076, and −0.0067. T-KGE also showed site dependence. SB, MMOE, and PLE showed positive 

T gains at 2/4 T-labeled sites, with median ΔKGE values of −0.0561, −0.0649, and −0.0322, respectively. Unlike within-site 370 

temporal generalization, the spatial scenario did not show a consistent increase in T-KGE, indicating that T-related information 

was less transferable across sites when T labels were sparse. 
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Figure 6. Site-level KGE and ΔKGE for ET and T under cross-site spatial generalization. Note: For SB, MMOE, and PLE, KGE values 

were averaged across input feature combinations within each test site. ΔKGE was calculated relative to the better single-task model, defined 375 
as the model with the higher KGE between XGB and MLP for the corresponding target variable. Dashed horizontal lines indicate ΔKGE = 

0. 

The alignment between ET-KGE and T-KGE changes varied across sites (Fig. 7). At RU-Fyo, SB-MR|V reduced T-KGE from 

0.392 (MLP) to 0.350 but increased ET-KGE from 0.695 (MLP) to 0.740. At NL-Loo, PLE-MR|V reduced T-KGE from 0.621 

(MLP) to 0.494, while ET-KGE also decreased slightly from 0.835 (MLP) to 0.831. These representative-site results show that 380 

cross-site multi-task responses were site-dependent and that changes in T-KGE were not always aligned with changes in ET-

KGE. 
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Figure 7. Observed versus estimated ET and T at 4 representative T-labeled sites within the ENF dataset under cross-site spatial 

generalization. Note: The left panels show XGB and MLP, whereas the right panels show multi-task models with different input feature 385 
combinations. In the multi-task panels, columns indicate input feature combinations; M, R, and V denote meteorological, radiation, and 

vegetation feature groups, respectively; and features before and after “|” indicate shared and branch-specific inputs. Rows indicate SB, 

MMOE, and PLE. The grey diagonal line indicates the 1:1 line, and color bars indicate sample counts in the hexbin plots. 

4.3 Performance in environmental-condition windows 

The RMSE changes across predefined environmental-condition windows are examined. To avoid confounding model and 390 

input effects, a single fixed multi-task configuration was selected for each scenario based on the highest combined mean ET-

KGE and T-KGE: PLE-All for within-site temporal generalization and MMOE-M|RV for cross-site spatial generalization. 

Relative RMSE gains across all samples, high-RH, high-VPD, high-Ta, and combined high-VPD-and-Ta windows are compared 

in Fig. 8. 

PLE-All reduced T-RMSE under within-site temporal generalization, and the gain was stronger in high evaporative-demand 395 

conditions, including the High VPD, High Ta, and combined High VPD and Ta windows (Fig. 8). In the all-sample window, 

the mean relative RMSE gain for T was +0.1632, with positive gains at 6/7 sites. In the High VPD, High Ta, and High VPD 

and Ta windows, the mean gains increased to +0.2021, +0.2068, and +0.2135, respectively, with positive gains at 6/7 sites in 

all 3 windows. By contrast, the mean relative RMSE gains for ET were negative across the all-sample window and each 

environmental-condition window, with positive gains at no more than 3 of 7 sites. 400 

Under cross-site spatial generalization, the T gain from MMOE-M|RV was also concentrated in high evaporative-demand 

windows. In the all-sample window, the mean relative RMSE gain for T was +0.0115, with positive gains at 2 of 4 sites. The 

High RH window showed a negative gain, with no positive gains at any of the 4 T-labeled sites. In contrast, the mean T gains 

in the High VPD, High Ta, and High VPD and Ta windows were +0.0978, +0.0855, and +0.1021, respectively, with positive 

gains at 3/4 sites in all 3 windows. The mean relative RMSE gains for ET were negative across all 5 environmental-condition 405 

windows, indicating no consistent reduction in window-scale ET-RMSE. 

Overall, the selected multi-task configurations produced greater RMSE reductions for T than for ET (Fig. 8). The strongest 

T-RMSE reductions occurred under high evaporative demand conditions. In contrast, the High RH window under spatial 

generalization showed a negative T-RMSE gain, with no positive gains at any of the 4 T-labeled sites. These results indicate 

that the T-related benefit of the multi-task framework was strengthened under high-demand conditions but weakened under 410 

humid, low-demand conditions. 
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Figure 8. Relative RMSE gain over MLP across environmental-condition windows. Note: Temporal panels use PLE-All, and spatial 

panels use MMOE-M|RV. Relative RMSE gain was calculated as 1 - RMSEMT / RMSEMLP, where MT denotes the selected multi-task model; 

positive values indicate lower RMSE than MLP. Points, thick bars, and thin lines indicate the mean, interquartile range, and min–max range 415 
across sites, respectively. Dashed vertical lines indicate zero gain. The n+ labels indicate the number of sites with positive relative RMSE 

gain. 

4.4 Effects of input feature combinations 

The effects of input feature combinations on ET and T performance were evaluated using mean ET-KGE and T-KGE across 

model-input combinations, as well as ΔKGE relative to All. The mean KGE results are summarized in Fig. 9, and the ΔKGE 420 

values relative to All are reported in Table 4. 

The effects of input feature combinations differed between the 2 generalization scenarios (Fig. 9). Under within-site 

temporal generalization, variation among multi-task models persisted within a given input feature combination, particularly 

for ET-KGE. However, when summarized by input feature combinations, ET-KGE differed only slightly among variants, 
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whereas T-KGE showed a clearer separation. RV|M had the highest mean T-KGE, reaching 0.6710 compared with 0.6369 for 425 

All. Thus, under within-site temporal generalization, input feature combinations mainly affected T estimation. 

Under cross-site spatial generalization, the separation among input feature combinations was stronger and was observed in 

both ET-KGE and T-KGE. All had the highest mean ET-KGE (0.6882), whereas M|RV had the highest mean T-KGE (0.4906). 

In contrast, RV|M decreased to 0.3442 for T-KGE, markedly lower than its temporal-generalization performance. These results 

indicate that the effect of input feature combinations was scenario-dependent, with no single input feature combination 430 

performing best for both ET and T. 

 
Figure 9. Mean ET-KGE and T-KGE of different input feature combinations under temporal and spatial generalization. Note: Each 

point represents a model-input combination averaged across all test sites in the corresponding scenario. Colors indicate input feature 

combinations, open symbols indicate individual multi-task models, and cross markers indicate the mean across SB, MMOE, and PLE for 435 
each input feature combination. M, R, and V denote meteorological, radiation, and vegetation feature groups, respectively; features before 

and after “|” indicate shared and branch-specific inputs. 

The direction of change for each input feature combination relative to All was further quantified using ΔKGE (Table 4). 

Within-site temporal generalization, input feature combinations had little effect on ET. Still, clearer effects on T. RV|M were 

observed, with a mean T ΔKGE of +0.034 and positive gains in 15/21 site-model combinations. This indicates that isolated 440 

models or sites did not drive the T advantage of RV|M. 

Under cross-site spatial generalization, the effects of input feature combinations changed direction. M|RV and MR|V had 

positive mean T ΔKGE values of +0.056 and +0.043, respectively, whereas RV|M decreased to −0.090. Thus, the T advantage 

of RV|M under temporal generalization did not carry over to spatial generalization. Overall, input feature combinations 

affected ET and T differently across generalization scenarios, indicating that the allocation of meteorological, radiative, and 445 

vegetation information between shared and task-specific branches was an important design factor. 
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Table 4. ΔKGE of input feature combinations relative to All. Note: Each row represents a scenario-input combination. ET mean ΔKGE 

and T mean ΔKGE indicate the mean change relative to All across all valid site-model combinations in the corresponding scenario, where 

ΔKGE = KGEvariant - KGEAll. Positive n/N indicates the number of positive cases relative to the total number of valid combinations. 

Scenario Input feature combination ET mean ΔKGE ET positive n/N T mean ΔKGE T positive n/N 

Temporal M|RV +0.001 12/21 -0.007 12/21 

MR|V +0.001 12/21 +0.007 12/21 

RV|M +0.002 9/21 +0.034 15/21 

Spatial M|RV -0.023 29/75 +0.056 9/12 

MR|V -0.022 33/75 +0.043 8/12 

RV|M -0.006 33/75 -0.090 3/12 

4.5 Sensitivity to T-supervision weight 450 

Finally, the sensitivity of ET and T performance to the T-supervision weight was evaluated under cross-site spatial 

generalization. Mean ΔKGE values at 𝜆𝑇 = 0.5 and 𝜆𝑇 = 2.0 relative to 𝜆𝑇 = 1.0 are compared in Fig. 10. 

ET was only weakly affected by changes in the T-supervision weight (Fig. 10). For most model-input combinations, ET 

ΔKGE was close to zero, with changes mainly within approximately ±0.01. The largest changes were +0.0119 for SB-M|RV 

at 𝜆𝑇 = 0.5 and −0.0086 for PLE-RV|M at 𝜆𝑇 = 2.0. Thus, changing the T-supervision weight alone did not substantially alter 455 

overall ET performance. 

T was more sensitive to the T-supervision weight, and the effect was generally stronger at 𝜆𝑇 = 2.0 than at 𝜆𝑇 = 0.5. 

Relative to 𝜆𝑇 = 1.0, T ΔKGE at 𝜆𝑇 = 2.0 reached +0.0388 for MMOE-All, +0.0370 for MMOE-RV|M, +0.0362 for PLE-

All, and +0.0360 for SB-All. By contrast, the largest positive changes at 𝜆𝑇 = 0.5 were +0.0269 for SB-All and +0.0264 for 

MMOE-RV|M. Overall, changing the T-supervision weight mainly affected T estimation rather than ET, and its effect 460 

depended on the model-input combination. 
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Figure 10. Sensitivity of ET and T performance to T-supervision weight 𝝀𝑻 under cross-site spatial generalization. Note: Each cell 

shows the mean ΔKGE of a model-input combination relative to 𝝀𝑻 = 𝟏. 𝟎. Columns indicate 𝝀𝑻 = 𝟎. 𝟓 and 𝝀𝑻 = 𝟐. 𝟎, and colors indicate 

the direction and magnitude of the change. 465 

5 Discussion 

5.1 Role of constrained T estimates in hourly ET modeling 

At the hourly scale, total ET can change rapidly in response to radiation, atmospheric demand, and aerodynamic forcing, but 

the same ET response may arise from different combinations of canopy transpiration, soil evaporation, and interception 

evaporation (Kool et al., 2014; Stoy et al., 2019). Estimating T together with ET therefore provides a way to interpret the 470 

vegetation-controlled component of sub-daily ET dynamics (Medlyn et al., 2011; Chen and Liu, 2020), rather than treating ET 

only as a bulk water flux. 

However, T should not be treated simply as an independent numerical target, because auxiliary-task benefits in multi-task 

learning depend on task-relatedness, shared representation, and supervision quality (Caruana, 1997). A single-task T model 

can produce T estimates, but these estimates are not structurally linked to the ET estimate for the same sample. In MLF-ETT, 475 

the structural coupling between ET and T/ET links T estimates directly to total ET estimates, preventing unconstrained T 

extrapolation and improving the physical consistency of T estimates at ET-only sites. 

This formulation is particularly useful for ET-only sites. Conventional ET models provide only total ET at these sites, and 

independent T models can only extrapolate unconstrained T values. By estimating T/ET for all samples and multiplying it by 
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estimated ET, the proposed framework generates a structurally consistent T component even when local T labels are 480 

unavailable. The machine-learning framework is useful here because it can learn nonlinear driver-response relationships, which 

are particularly helpful for representing nonlinear transpiration responses to atmospheric demand and canopy activity (Novick 

et al., 2016; Grossiord et al., 2020). 

5.2 T-estimation gains and their condition dependence 

The role of T supervision depended on T-label availability and the learnable relationship between T labels and input drivers. 485 

Within-site temporal generalization, paired ET and T labels allowed the model to learn site-specific relationships among 

forcing factors, canopy activity, total ET, and sap-flow-derived T (Poyatos et al., 2021). At some sites, the single-task MLP 

was already able to estimate T reasonably well, suggesting that the T reference values at these sites had a stronger learnable 

relationship with the input drivers and that T-label noise or scale mismatch may have been relatively smaller (Ford et al., 2007). 

Under such conditions, T supervision was more likely to feed back into joint ET-T learning through shared multi-task 490 

representations, rather than only improving an isolated T model. 

Cross-site spatial generalization was more demanding because ET labels were available across all ENF sites, whereas T 

labels were restricted to a small subset of sites. Differences in canopy structure, energy partitioning, soil-water background, 

and vegetation-atmosphere coupling reduced the transferability of T-related representations (Good et al., 2015; Shi et al., 2023; 

Shi and Cai, 2025). The spatial results, therefore, indicate that sparse auxiliary T supervision is more sensitive to cross-site 495 

process shifts and observation-scale uncertainty (De Aguiar-Campos et al., 2025). 

Environmental conditions were another key factor determining whether multi-task learning improved T estimation relative 

to the single-task model. The T-estimation gains were concentrated under high evaporative-demand conditions. Larger T-

RMSE reductions occurred in the high-VPD, high-Ta, and combined high-VPD-and-Ta windows, where transpiration is directly 

related to stomatal regulation, canopy water use, and atmospheric moisture demand (Kar et al., 2025; Nelson et al., 2020; Xing 500 

et al., 2024). In contrast, the high-RH window under spatial generalization showed no improvement in T-RMSE, indicating 

that T-supervision benefits were weaker under humid, low-demand conditions, where T signals were less transferable. 

Improved T estimation should not be interpreted as a guarantee of improved total ET estimation. Total ET also includes soil 

evaporation and interception evaporation, and hourly ET uncertainty can be affected by energy-balance closure, turbulent-flux 

representativeness, and timing or scale mismatches between sap-flow-derived T and eddy-covariance ET (Maltese et al., 2018). 505 

Sap-flow-derived T labels also contain probe-to-tree-to-site scaling, sapwood-area, sample-tree, and calibration uncertainties 

(Flo et al., 2019). Thus, T supervision is best interpreted as improving the constrained T component under favorable label and 

environmental conditions. At the same time, its feedback to ET depends on T-label availability and the degree of T-label noise 

or scale mismatch. 
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5.3 Input allocation and T-supervision strength in multi-task design 510 

Input feature combinations and T-supervision strength affected multi-task performance through different pathways. Input 

feature combinations controlled the allocation of meteorological, radiative, and vegetation information between shared and 

task-specific branches (Ruder, 2017). Under temporal generalization, RV|M was most favorable for T estimation, suggesting 

that radiation and vegetation variables provided a useful shared canopy-energy background within the same sites (Braghiere 

et al., 2020; Li et al., 2019; Cheng et al., 2017). Under spatial generalization, M|RV performed better for T, indicating that 515 

meteorological variables were more transferable as shared features across ENF sites. In contrast, radiative and vegetation-

related information was better retained in task-specific branches. 

This contrast shows that task-relatedness in ET-T modeling does not imply that all input features should be shared uniformly. 

Variables that provide stable, shared information within a site may become more site-specific when transferred across sites 

with different canopy structures, phenologies, and energy-partitioning regimes. Input feature combinations should therefore 520 

be treated as explicit design choices rather than fixed preprocessing options. 

T-supervision strength affected the model differently. Changing the T-supervision weight altered the contribution of T error 

to the joint training objective, consistent with the role of task weighting in multi-task learning (Wang et al., 2022)and mainly 

affected T performance, whereas ET changes remained small across most model-input combinations. Stronger T supervision 

may improve T estimation in some configurations, but it can also increase the influence of noisy or weakly transferable T 525 

labels. Therefore, T-supervision strength cannot replace an appropriate input-sharing structure. 

Figure 11 provides supplementary evidence for these design implications. GPP, Rn, Ta, VPD, LAI, and solar elevation 

remained highly important across multiple tasks and scenarios, indicating that carbon-water coupling, energy supply, 

atmospheric moisture demand, and canopy structure were key information sources for hourly joint ET-T estimation (Duursma 

et al., 2013; Han et al., 2024). In contrast, Pa, RH, and WS contributed less, although their importance varied across scenarios. 530 

These results indicate that the input-feature organization changed the variable-importance patterns of key driving factors. 
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Figure 11. Comparison of mean absolute SHAP values between MLP and PLE input feature combinations. Note: Panels show ET and 

T under temporal and spatial generalization. Grey bars indicate the MLP model, and colored points indicate PLE models with different input 

feature combinations. Variables are sorted by the MLP mean absolute SHAP value within each panel. M, R, and V denote meteorological, 535 
radiation, and vegetation feature groups, respectively; features before and after “|” indicate shared and branch-specific inputs. 

6 Conclusions 

This study developed MLF-ETT, a physically constrained multi-task learning framework for hourly joint estimation of ET and 

T, by integrating data from FLUXNET2015, SAPFLUXNET, and GIMMS LAI4g. The framework estimates total ET and the 

transpiration fraction T/ET, and derives T as the product of the estimated ET and T/ET, subject to the physical constraint 0 ≤ T 540 

≤ ET. The evaluation was based on 28 unique study sites, including 25 ENF sites for cross-site spatial generalization and 7 T-

labeled sites for within-site temporal generalization. The evaluation covered model performance across 2 generalization 
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scenarios and the effects of environmental-condition windows, input feature combinations, and T-supervision strength. The 

main conclusions are as follows: 

1. The proposed multi-task learning framework enables hourly joint ET-T estimation through an ET and T/ET output 545 

structure, deriving T as a bounded component of total ET under 0 ≤ T ≤ ET. This structure allowed concurrent ET-KGE 

and T-KGE gains in some temporally validated configurations. It generated physically constrained T estimates for ET-

only sites under sparse sap-flow-derived T data. 

2. The multi-task framework reduced T-estimation errors relative to the single-task model, with the clearest gains occurring 

under high evaporative-demand conditions. 550 

3. Input feature combinations and T-supervision strength affected the multi-task model performance in different ways. The 

former determined how meteorological, radiative, and vegetation information was allocated between shared and task-

specific branches. In contrast, the latter changed the contribution of T supervision to training and affected T performance 

differently across model-input combinations. 

Overall, the framework provides a structured way to incorporate limited sap-flow-derived T information into hourly ET 555 

modeling by estimating T as a bounded component of total ET rather than as an unconstrained extrapolated value. 

This study still has several limitations. First, the T labels used for supervision were derived from upscaled sap-flow 

measurements and are affected by sample-tree representativeness, sapwood area estimation, differences in sap-flow methods, 

and scaling errors. Therefore, the physically constrained output structure ensures bounded T estimates but does not eliminate 

uncertainty in the T reference values. Second, the number of sites available for direct T validation under spatial generalization 560 

was limited, restricting a comprehensive assessment of T estimates at sites without local T measurements. Third, the spatial 

generalization experiments were primarily conducted within ENF sites to reduce ecosystem-type heterogeneity, and the 

framework's transferability across broader ecosystem types has not yet been systematically tested. 

Future work could incorporate more independent constraints on T, including additional sap-flow measurements, isotope-

based partitioning, and remote-sensing ET-partitioning products, to better evaluate bounded T estimates at ET-only sites. 565 

Additional input features, such as soil moisture, plant functional type, canopy structure, and site attributes, could help capture 

site-specific controls on ET partitioning and improve cross-site transferability. Future modeling efforts should also combine 

physically constrained output structures with uncertainty-aware T supervision and domain-transfer strategies, thereby 

extending hourly joint ET-T estimation from ENF-dominated experiments toward broader multi-ecosystem applications. 

Code and data availability 570 

The original data used in this study are publicly available from their respective repositories. FLUXNET2015 data are available 

from the FLUXNET2015 data portal (https://fluxnet.org/data/fluxnet2015-dataset/). SAPFLUXNET data are available from 

the SAPFLUXNET project database (https://sapfluxnet.creaf.cat/) and the SAPFLUXNET Zenodo repository 

(https://zenodo.org/records/2530798). GIMMS LAI4g data are available from Zenodo (https://zenodo.org/records/8281930). 
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The processed hourly datasets and model code generated in this study are archived at Zenodo and are available at 575 

https://doi.org/10.5281/zenodo.20095120 (Fu et al., 2026). 
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