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Table S1. An overview of Pedotransfer functions (PTFs) selected for modeling moisture retention 

characteristics in this study.

PTFs Methods of PTFs Source
Cosby0 Lookup table Cosby et al. (1984)

Carsel & Parrish Lookup table Carsel and Parrish (1988) 
Clapp & Hornberger Lookup table Clapp and Hornberger (1978)

Rosetta3-H1w Lookup table Zhang and Schaap (2017)
Cosby1 Regression equation Cosby et al. (1984)
Cosby2 Regression equation Cosby et al. (1984)

Rosetta3-H2w Neural networks Zhang and Schaap (2017)
Rawls & Brakensiek Regression equation Rawls and Brakensiek (1985)

Campbell & Shiozawa Regression equation Campbell and Shiozawa (1992)
Rosetta3-H3w Neural networks Zhang and Schaap (2017)

Wösten Regression equation Wösten et al. (1999)
Weynants Regression equation Weynants et al. (2009)
Vereecken Regression equation Vereecken et al. (1989)

* Abbreviated references, BC: Brooks and Corey (1964), BC-VG: BC parameters converted to VG 

parameters, CH: Clapp and Hornberger (1978), CMP: Campbell (1974), VG: van Genuchten (1980), 

VG*: modified van Genuchten (1980).
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Table S2. Size of the sample labeled as individual PTFs.

PTFs Sample size
Cosby0 7,360

Carsel & Parrish 9,051
Clapp & Hornberger 12,211

Rosetta3-H1w 7,476
Cosby1 6,884
Cosby2 6,882

Rosetta3-H2w 6,498
Rawls & Brakensiek 10,976

Campbell & Shiozawa 14,255
Rosetta3-H3w 7,563

Wösten 11,090
Weynants 9,634
Vereecken 8,719
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Table S3. Computational demands and accuracy of ensemble predictions of designed machine 

learning classification models.

Classifier Computational time 
(minutes)

R2

(-)
RMSE
(m3/m3)

Original_withSE 84.23 0.8629 0.0444
Balanced_withSE 84.37 0.8654 0.0440
Balanced_noSE 44.54 0.8480 0.0467

XGBoost_withSE 80.28 0.8600 0.0449
XGBoost_noSE 52.40 0.8480 0.0467

LGBM_noSE_30 12.07 0.8465 0.0472
LGBM_noSE_300 300.33 0.8505 0.0466

Specifically, we selected the case of assembling 13 PTFs and compared 7 different 
classifier configurations. These classifiers were evaluated based on their computational time and 
the accuracy of their ensemble predictions. Here, we utilized the H2O-AutoML platform and made 
use of its scenario (parameter) settings, particularly the include_algos or exclude_algos parameters 
(refer to the provided link: https://docs.h2o.ai/h2o/latest-stable/h2o-docs/parameters.html), to train 
the first 5 classifiers: 1) Original classifier (Original_withSE): This refers to the original classifier 
used in our study (consist of 6 different ML algorithms, 32 models including 2 stacked ensemble 
models). 2) Balanced classifier (Balanced_withSE): In this configuration, we enabled the 
balance_classes parameter in the original classifiers to handle the potential class imbalance issue. 
3) Balanced classifier without the StackedEnsemble algorithm (Balanced_noSE): Here, we 
excluded the StackedEnsemble algorithm from the balanced classifier, meaning that no further 
ensemble of ML models was performed. 4) Original classifiers with only the XGBoost algorithm 
(XGBoost_withSE): Based on the original classifiers, we eliminated other algorithms except for 
the XGBoost and the StackedEnsemble algorithms. 5) XGBoost classifier without the 
StackedEnsemble algorithm (XGBoost_noSE): In this case, we considered only the XGBoost 
algorithm in the original classifier, without utilizing the StackedEnsemble algorithm. Throughout 
the H2O-AutoML training process, we still set the total number of models (max_models, 
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/data-science/algo-params/max_models.html) to 30. 
For the 6th and 7th classifier, we opted to train the model in a Python environment using a 
combination of the state-of-the-art LightGBM algorithm (Ke et al., 2017) along with the efficient 
Optuna tool for accelerated hyperparameter optimization (Akiba et al., 2019). Note that a parameter 
called “n_trials”, which represent the number of trials for each process in optimizing an objective 
function (https://optuna.readthedocs.io/en/stable/reference/generated/optuna.study.Study.html), 
were set to 30 and 300, respectively, thus, we obtained the other two classifiers, namely 
LGBM_noSE_30 and LGBM_noSE_300. The configuration details can be found in the code we 
have shared and updated recently (https://doi.org/10.6084/m9.figshare.21547134.v3).

https://docs.h2o.ai/h2o/latest-stable/h2o-docs/parameters.html
https://docs.h2o.ai/h2o/latest-stable/h2o-docs/data-science/algo-params/max_models.html
https://optuna.readthedocs.io/en/stable/reference/generated/optuna.study.Study.html
https://doi.org/10.6084/m9.figshare.21547134.v3
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Table S4. List of 47 eddy covariance flux sites covering croplands from AmeriFlux (AM), AsiaFlux (AS), FLUXNET (FN), and European Flux 

Database Cluster (EF) networks. ‘FN-AM’ or ‘FN-EF’ indicates the site is available in both FN and AM or FN and EF and was retrieved from FN.

Site code Cropland 

type

Country Latitude Longitude Years Network MAP 

(mm)

MAT 

(°C)

Citation

BE-Lon Dry Belgium 50.5516 4.7461 2004-2014 FN-EF 800 10 Moureaux et al. (2006)

CH-Oe2 Dry Switzer–

land

47.2863 7.7343 2004-2014 FN-EF 1155 9.8 Moors et al. (2010)

CN-YCS Dry China 36.8290 116.5702 2003-2005 AS 528 13.1 http://asiaflux.net/?page_i

d=1178

DE-Geb Dry Germany 51.1001 10.9143 2001-2014 FN-EF 470 8.5 Anthoni et al. (2004)

DE-Kli Dry Germany 50.8929 13.5225 2004-2014 FN-EF 842 7.6 Brust et al. (2012)

DE-RuS Dry Germany 50.8659 6.4472 2011-2014 FN-EF 700 10 Eder et al. (2015)

DE-Seh Dry Germany 50.8706 6.4497 2007-2010 FN-EF 693 9.9 Korres et al. (2013)

DK-Ris Dry Denmark 55.5303 12.0972 2004-2008 EF 580 8 Kutsch et al. (2010)

ES-ES2 Paddy Spain 39.2755 -0.3152 2004-2010 EF 550 18 Carvalhais et al. (2010)

FR-Aur Dry France 43.5496 1.1062 2005-2010 EF 12.9 B´eziat et al. (2009)

FR-Avi Dry France 43.9164 4.8792 2004-2006 EF 687 14 Kutsch et al. (2010)

FR-Gri Dry France 48.8442 1.9519 2004-2014 FN-EF 650 12 Loubet et al. (2011)

FR-Lam Dry France 43.4965 1.2379 2005-2010 EF 12.55 B´eziat et al. (2009)

IT-BCi Dry Italy 40.5238 14.9574 2004-2014 FN-EF 600 18 Ranucci et al. (2010)

IT-CA2 Dry Italy 42.3772 12.0260 2011-2014 FN-EF 766 14 Sabbatini et al. (2016)

http://asiaflux.net/?page_id=1178
http://asiaflux.net/?page_id=1178
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IT-Cas Paddy Italy 45.0628 8.6685 2006-2010 EF 11.9 Meijide et al. (2011)

JP-MSE Paddy Japan 36.0540 140.0269 2002-2006 AS Muramatsu et al. (2017)

KR-CRK Paddy South 

Korea

38.2013 127.2507 2015 EF 1180.9 11.2 Yang et al. (2018)

US-ARM Dry USA 36.6058 –97.4888 2003-2012 FN-AM 843 14.76 Raz-Yaseef et al. (2015)

US-Bi1 Dry USA 38.1022 -121.5042 2016-2018 AM 338 16 Hemes et al. (2019)

US-Bi2 Dry USA 38.1090 -121.5350 2017-2018 AM 338 16 Hemes et al. (2019)

US-Bo1 Dry USA 40.0062 -88.2904 2000-2008 AM 991.29 11.02 Bernacchi et al. (2005)

US-Bo2 Dry USA 40.0090 -88.2900 2004-2006 AM 991.29 11.02 Bernacchi et al. (2005)

US-Br1 Dry USA 41.9749 -93.6906 2005-2011 AM 842.33 8.95 Chu et al. (2018)

US-Br3 Dry USA 41.9747 -93.6936 2005-2011 AM 846.6 8.9 Chu et al. (2018)

US-CRT Dry USA 41.6285 –83.3471 2011-2013 FN-AM 849 10.1 Chu et al. (2014)

US-Lin Dry USA 36.3600 -119.8400 2009-2010 FN-AM Fares (2016)

US-Ne1 Dry USA 41.1651 –96.4766 2001-2013 FN-AM 790 10.07 Verma et al. (2005)

US-Ne2 Dry USA 41.1649 –96.4701 2001-2013 FN-AM 789 10.08 Suyker and Verma (2012)

US-Ne3 Dry USA 41.1797 –96.4397 2001-2013 FN-AM 784 10.11 Suyker and Verma (2012)

US-Pon Dry USA 36.7667 -97.1333 2000 AM 866.34 14.94 Hanan et al. (2005)

US-RC1 Dry USA 46.7837 -117.0777 2011-2016 AM 550 9 Lamb and Pressley 

(2016a)

US-RC2 Dry USA 46.7776 -117.0807 2012-2016 AM 550 9 Lamb and Pressley 

(2016b)



6

US-RC3 Dry USA 46.9910 -118.5980 2011-2016 AM 280 10 Lamb and Pressley 

(2016c)

US-RC4 Dry USA 46.7580 -116.9490 2012-2016 AM 680 9 Lamb and Pressley 

(2016d)

US-Ro1 Dry USA 44.7143 -93.0898 2004-2016 AM 879 6.4 Bavin et al. (2009)

US-Ro2 Dry USA 44.7288 -93.0888 2015-2016 AM 879 6.4 Griffis et al. (2010)

US-Ro3 Dry USA 44.7217 -93.0893 2004-2007 AM 879 6.4 Griffis et al. (2010)

US-Ro4 Dry USA 44.6781 -93.0723 2014-2018 AM 879 6.4 Griffis et al. (2010)

US-Ro5 Dry USA 44.6910 -93.0576 2017-2018 AM 879 6.4 Baker and Griffis (2016a)

US-Ro6 Dry USA 44.6946 -93.0578 2017-2018 AM 879 6.4 Baker and Griffis (2016b)

US-SuM Dry USA 20.7981 -156.4540 2013-2014 AM 287 24.1 Anderson and Wang 

(2014)

US-SuS Dry USA 20.7847 -156.4039 2011-2014 AM 334 24.4 Anderson and Wang 

(2014)

US-SuW Dry USA 20.8246 -156.4913 2011-2013 AM 366 24.4 Anderson and Wang 

(2014)

US-Tw2 Dry USA 38.1047 –121.6433 2012-2013 FN-AM 421 15.5 Knox et al. (2014)

US-Tw3 Dry USA 38.1159 –121.6467 2013-2014 FN-AM 421 15.6 Baldocchi et al. (2015)

US-Twt Paddy USA 38.1087 –121.653 2009-2014 FN-AM 421 15.6 Hatala et al. (2012)
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Table S5. A simplified summary of the six individual ET models selected in this study. An 

overview of the six ET models we used was presented in Appendix A and a summary of the key 

equations and their detailed descriptions of variables used in these models were presented in Table 

2 and Table 3 in Bai et al. (2021), respectively.

Model name Driving forces * Reference

PT-JPL VPD, Ta, Rn, NDVI, SAVI Fisher et al. (2008); Vinukollu et al. (2011)
PT-DTsR Ta, Rn, DTsR, NDVI Yao et al. (2013)
STIC Ta, VPD, u, Rn, TR, NDVI Mallick et al. (2014, 2015, 2016); Bhattarai et al. (2018)
SEBS Ta, VPD, u, Rn, TR, NDVI Su (2002); Chen et al. (2013)
RS-WBPM Ta, VPD, u, Rn, EVI, Pd Bai et al. (2017)
EVI-PM Ta, VPD, u, Rn, EVI Yebra et al. (2013); Bai et al. (2017)

* Abbreviations, VPD: Vapor pressure deficit; Ta: Air temperature, Rn: Net radiation; NDVI: 

Normalized vegetation index; SAVI: Soil adjusted vegetation index; DTsR: Diurnal range of 

surface temperature retrieved from the MODIS thermal band; u: Wind speed; TR: Land surface 

radiometric temperature; EVI: Enhanced vegetation index.
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Table S6. Size of the sample labeled as individual ET models.

Model name Sample size
PT-JPL 14,062

PT-DTsR 12,905
STIC 16,065
SEBS 12,903

RS-WBPM 16,869
EVI-PM 10,817
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Figure S1. R2 (a, c, e, g) and RMSE (b, d, f, h) when the moisture content estimates of different 

ensemble approaches were compared with observations (including all training and testing data) 

under various environmental conditions (6 variables, among which, the content of sand, silt, and 

clay was expressed together in terms of USDA soil texture classes) that were represented by 

predictors for AutoML-Ens. The light gray band denotes the uncertainties calculated as the 

mean±standard deviation of the R2 (or RMSE) values of the 13 selected PTFs. The dark gray band 

denotes the uncertainties of the 6 individual ML algorithms.
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S1. An overview of the MEAN, BMA, HME, and MLP methods. 

1) The simple average (MEAN)

Previous studies revealed that a sample average of multi-model simulations may give better 

estimates than any individual model (e.g., Martre et al., 2015). In this study, we also evaluate the 

performance of an average of the soil water content (or LE) estimates ( y ) from 13 PTFs (or six 

RS-based ET models) predictions ( p ).

,
1

1 N

k k n
n

y p
N =

= ×∑                                                        (S1)

where subscript k and n denote the index of a sample and model, respectively; N is the number 

of models.

2) Bayesian model averaging (BMA)

BMA (Raftery et al., 2005), which can be regarded as a direct application of Bayesian 

inference to the problem of ensemble estimation, is expected to be more effective than MEAN in 

assembling multiple models (Fragoso et al., 2018). Previous studies consider the problem of 

combining predictions from N models, 1 2, , , Nf f f into one combined prediction. For each 

prediction, there is a probability density function (PDF) for the quantity one wished to predict y

denoted by ( )l lg y f for 1, ,=l N . Afterwards, a combined density function using the weighted 

average is constructed as

1 l
1

( , , ) g ( )
N

N l l
l

g y f f w y f
=

=∑L                                              (S2)

where lw denotes the weight of the model lf , in which 
1

1N
ll

w
=

=∑ , and the weights are 

interpreted in an analogous fashion to the posterior probabilities of the model lf . Assuming then 

each density as a normal, the weights are estimated using the expectation-maximization (EM) 

algorithm (Dempster et al., 1977).

Finally, the weights of the 13 PTFs (or six ET models) were obtained through the BMA 

approach, which are 0.02164, 0.00975, 0.05202, 0.01820, 0.05679, 0.03220, 0.04324, 0.07356, 

0.01553, 0.24029, 0.24841, 0.16219, and 0.02618 for Cosby0, Carser & Parrish, Clapp & 

Hornberger, Rosetta3-H1w, Cosby1, Cosby2, Rosetta3-H2w, Rawls & Brakensiek, Campbell & 

Shiozawa, Rosetta3-H3w, Wösten, Weynants, and Vereecken PTF (or 0.217, 0.129, 0.199, 0.141, 
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0.150, and 0.164 for PT-JPL, PT-DTsR, STIC, SEBS, RS-WBPM, and EVI-PM model), 

respectively.

3) Hierarchical multi-model ensemble (HME)

The HME method was proposed by Zhang et al. (2020) for assembling the 13 selected PTFs. 

The weights of multi-PTF ensemble estimation are determined by minimizing the following:

( ) ( )

( )

2

2'
1

1

1

T

N
jN j

jj

where w
w

χ

θ θ
=

=

=

= −∑
∑

W ε ε

ε                   (S3)

and W is a vector of weights, jw , for corresponding PTF model jP , where 1, ,=j N

, 

0 1jw≤ ≤ , N is the number of PTF ensembles; θ and 'θ are vectors of measured and predicted 

soil water content, the length of which is the size of calibration samples selected by the bootstrap 

(with 100 replicas) resampling process. Different algorithms were evaluated for minimization of 

equation (S3), and we found that a genetic algorithm (Scrucca, 2013) was the most effective method 

to optimize W .

Finally, we got the weights of the 13 PTFs through the HME approach, which are 0.0330, 

0.0106, 0.1437, 0.0250, 0.0257, 0.0264, 0.0414, 0.0325, 0.0858, 0.1704, 0.1980, 0.1854, and 

0.0223 for Cosby0, Carser & Parrish, Clapp & Hornberger, Rosetta3-H1w, Cosby1, Cosby2, 

Rosetta3-H2w, Rawls & Brakensiek, Campbell & Shiozawa, Rosetta3-H3w, Wösten, Weynants, 

and Vereecken PTF, respectively.

4) The multi-layer perception neural network classifier (MLP)

MLP is a supplement of supervised feedforward neural network. It has been considered as 

learning a nonlinear functional mapping between a set of predictors x (or input layer) and a 

corresponding target variable y (or output layer), with an arbitrary number of hidden layers. 

( )y f ε= +x              (S4)

Each layer in the MLP contains neurons. With a multi-layer architecture, the neurons are 

trained to approximate any continuous multivariate function for either classification or regression. 

MLP intrinsically classifies an unknown sample based on the sample’s computed probability of 

being each of the target classes, and the sample is assigned to the class with the highest probability. 

MLP, as a supervised learning algorithm, requires labeled training data to determine model 

parameters, such as the ‘connection weight’ between neurons, activation functions of hidden layers, 

and the numbers of hidden layers and neurons (Du and Swamy, 2014). In this study, the optimal 
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MLP turned out to have 2 hidden layers and 80 neurons in each layer with the activation of rectified 

linear unit function (relu).
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