
Evapotranspiration (ET) is a combination of two processes 
where water is lost from soil and crop surfaces by evaporation and 
transpiration. One of the most common ET concepts is reference 
evapotranspiration (ETo) which represents ET from a standardized 
vegetated surface, not short of water, at any given climatic condition 
(Allen et al., 1998). Determining ET can be done through direct 
or indirect methods. Direct methods include lysimeters, the most 
accurate method of quantifying ET. However, lysimeters are still 
limited because they are difficult to construct and require high cost 
and maintenance. Indirect methods include climatological methods, 
where FAO Penman-Monteith is the most conventional. Its main 
drawback is that it requires numerous meteorological parameters, 
and many places do not have such data due to incomplete instruments 
in weather stations. New methods to estimate ETo with fewer inputs 
are crucial for agricultural managers in irrigation system design 
and water management in rice farming regions like Central Luzon. 
With the rise of machine learning, advanced algorithms may now 
be explored for ETo estimation based on historical data and trends.

Numerous studies reported the ability of machine learning 
to estimate ET in data-sparse regions (Valipour et al., 2019; Granata, 
2019). It has also been used for cross-station modeling where 
ETo was estimated using the data from nearby stations (Karimi 
et al., 2017). Efforts were also employed to overcome the lack of 
meteorological data using remote sensing (El-Shirbeny, 2016). Some 
machine learning algorithms include Linear regression, Instance-
based models (IBM), Regression trees, Neural networks, Ensemble 
learning, Support vector machines (SVM), and Gaussian progress 
regression (GPR). Wu et al., (2019) tested eight different models 
to estimate monthly mean daily ETo in Jiangxi, China. Results 
show that the multivariate adaptive regression splines models were 
slightly superior to the others, notably when temperature data from 
adjacent stations were used. Feng and Tian (2021) proved that the 
K-nearest neighbor, the most common IBM, is consistent with 
the FAO Penman-Monteith method in ETo modeling in semi-arid 
environments. ETo estimation in China reported that tree-based 
models such as random forest and Gradient Boosting Decision 
Trees exhibited higher estimation accuracy than the other models in 
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Reference evapotranspiration (ETo) is crucial for calculating irrigation requirements. Instruments that directly measure ETo are still costly and 
limited while the empirical models are data intensive. Meteorological data of Central Luzon, Philippines (1985-2019) were used to estimate ETo 
using the FAO Penman-Monteith method. The performances of machine learning algorithms in estimating ETo were analyzed using ground-based 
weather data. Optimal models were determined using decision thresholds (RMSE<0.39 mm day-1, R2>0.75, MSE<0.15 mm day-1, MAE<0.30 
mm day-1). The models were further assessed using principal component analysis for finding relevant variables (σ2=0.95) and the Wilcoxon test 
for comparing two samples (α=0.05). Results show that optimal model required only two or three weather variables depending on the station. In 
general, the algorithms can be ranked as follows: Gaussian progress regression, Neural network, Support vector machines, Ensemble of trees, 
Regression trees, and Linear regression. The study reveals that machine learning can accurately predict ETo using ground-based weather data, 
and it can be a good alternative to data-intensive empirical models. 
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the local application (Wu et al., 2019). For cross-station scenarios, 
neural networks presented a good performance in the Mediterranean 
region of Turkey. 

The general objective of the study is to conduct ETo 
modeling in Central Luzon, Philippines. It specifically aimed to: (1) 
evaluate the performance of various machine learning algorithms 
and input combinations in estimating ETo using ground-based 
weather data; and, (2) determine the optimal machine learning 
algorithm and input combination using the established decision 
thresholds.

MATERIALS AND METHODS

Data description

Daily meteorological data on maximum air temperatures 

(Tmax), minimum air temperatures (Tmin), relative humidity (RH), 
and wind speed from 1985 to 2018 were collected from four synoptic 
weather stations of Philippine Atmospheric, Geophysical and 
Astronomical Services Administration (PAGASA, 2020), Central 
Luzon, Philippines (Table 1). 

   	 (1)

where ETo is the reference ET (mm day-1); Rn is the net radiation 
at the crop surface (MJ/m2/day); G is the soil heat flux density (MJ 
m-2 day-1); T is the mean daily air temperature at 2 m (°C); u2 is the 
wind speed at 2 m (m s-1); es is the saturation vapor pressure at the 
temperature of air (kPa); ea is the actual vapor pressure (kPa); ∆ is 
the slope of vapor pressure curve (kPa °C-1); γ is the psychrometric 
constant (kPa °C-1).

Machine learning models

Six variants of the models for each scenario were built 
by changing the applied algorithms: (a) Linear regression; (b) 
Regression tree; (c) Support vector machine; (d) Gaussian progress 
regression; (e) Ensemble of trees; and (f) Neural network. Each 
algorithm comprises several model options presented in Table 2. 
The dataset was divided into training (60%), validation (20%), 
and test sets (20%). The training set is the sample of data used to 
fit the models. The validation set is used to provide an unbiased 
evaluation of a model fit on the training dataset while tuning model 
hyperparameters (Shah, 2017). Models that differed in input weather 

Table 1: Synoptic weather stations in Central Luzon, Philippines 

Station name Latitude (°N) Longitude (°E) Elevation (m) Duration
Baler (Radar), Aurora 15.75 121.63 173 1995-2018
Casiguran, Aurora 16.27 122.13 4 1985-2018
Clark Airport (DMIA), Pampanga 15.17 120.56 152 1998-2018
Cubi Point, Subic Bay Olongapo City 14.79 120.27 19 1995-2018

ETo was computed using the FAO Penman-Monteith method. Due to the lack of solar radiation data, it was estimated using the differences in 
maximum and minimum temperature which is closely related to the existing solar radiation at a given location (Darshana et al., 2013). The FAO 
ETo calculator was used to facilitate the computations using the equation (Allen et al., 1998):
Table 2: Input combinations used in machine learning modeling

Machine learning algorithms Regression model options

Linear Regression (i)	 Linear
(ii)	  Interactions linear

(iii)	 Robust linear
(iv)	 Stepwise linear

Regression tree Fine tree
 Medium tree

Coarse tree
Optimizable tree

Support vector machine (SVM)

 Linear SVM
 Quadratic SVM
 Cubic SVM
Fine Gaussian SVM

Medium Gaussian SVM
 Coarse Gaussian SVM
Optimizable SVM

Gaussian progress regression (GPR)
(i)	  Rational quadratic
(ii)	  Squared exponential
(iii)	 Matern 5/2

(iv)	 Exponential
(v)	 Optimizable GPR

Ensembles of trees  Boosted trees
 Bagged trees

Optimizable ensemble

Neural network  Narrow neural network
Medium neural network

Wide neural network
Bilayered neural network
Trilayered neural network

Table 3: 	 Decision thresholds in evaluating the optimal machine 
learning model

Parameter Range Threshold
RMSE 0 to +∞ RMSE < 0.39
R2 0 to 1 R2 > 0.75
MSE 0 to +∞ MSE < 0.15
MAE 0 to +∞ MAE < 0.30
PCA 0.01 to 1 σ2 = 0.95
Wilcoxon Test 0 to 1 α = 0.05
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variables (Tmax, Tmin, RH, and wind speed) per location were 
developed and tested. The models were built by adding one different 
variable into the input combination based on the result of feature 
selection and principal component analysis (PCA). The statistics 
and machine learning Toolbox™ of MATLAB R2021a were used 
to implement the regression algorithms. Steps in training regression 
models involved: (1) data selection; (2) training and validation; (3) 
model performance assessment; (4) choosing best model options; 
and (5) testing.

Statistical indicators

Statistical indices for measuring model performance 
were assessed using root mean square error (RMSE), coefficient of 
determination (R2), mean square error (MSE), and mean absolute 
error (MAE). Higher R2 values closer to 1 indicate high simulation 
accuracy whereas smaller values of RMSE, MSE, and MAE suggest 
better model performance. RMSE, MSE, and MAE match the unit 
of the response variable.

where are the measured, estimated, mean 
of measured, and mean of estimated ETo by the FAO Penman-
Monteith method and machine learning modeling, respectively; n is 
the number of observations.

Model selection

The decision thresholds for evaluating the best model for 
both scenarios are presented in Table 3. The thresholds for RMSE, 
MSE, and MAE were computed from a 10% mean deviation from 
the FAO Penman-Monteith method which is within the suggested 
limit of Hargreaves and Allen (2003). The threshold for R2 can be 
described as a strong correlation in academic research (Mooi and 
Sarstedt, 2011). The models were further assessed using PCA to 
find relevant variables and reduce the dimensionality of datasets 
by determining the variance (σ2). PCA is an analysis available in 
MATLAB for finding the relevant variables that explain at least 
95% variance (MathWorks, 2021). In addition, the Wilcoxon test 
with a 5% significance level was implemented to compare two 
samples (Addinsoft, 2020).

RESULTS AND DISCUSSION

The input combination used for every station is presented 
in Table 4. Results show that GPR obtained the highest estimation 
accuracy for all stations in every input combination obtaining the 
highest R2 (0.71-0.95) and lowest error values (RMSE=0.27-0.64, 
MSE=0.08-0.41, MAE=0.21-0.50). Out of all the GPR models, 
the optimizable GPR and Matern 5/2 GPR provided the highest 
accuracy. Very similar performances were shown by neural network 
and SVM which resulted to a high R2 (0.71-0.95) and low error 
values (RMSE=0.28-0.64, MSE=0.08-0.41, MAE=0.20-0.51). 
Linear regression obtained the least predictive capabilities but 
based on the statistical indicators, it still produced results suitable 
for modeling daily ETo. In general, the algorithms can be ranked as 
follows: GPR, neural network, SVM, ensemble of trees, regression 
tree, and linear regression. 

The performance of all the models improves as the number 
of input variables increases. The use of four input weather variables 
(Tmax, Tmin, RH, wind speed) yielded the highest estimation 
accuracy with an 18% increase in R2 and a decrease in error values 
(RMSE=0.22, MSE=0.19, MAE=0.17) relative to the model 
with one variable. Model 2 (RMSE=0.39, R2=0.86, MSE=0.15, 
MAE=0.30) also obtained high accuracies using less input variables. 
The summary of the statistical indicators for Scenario 1 models is 
presented in Table 5.	

In general, all models and combinations passed the 
Wilcoxon test. Based on the thresholds, the use of three variables 
(Model 3) in estimating ETo in Baler and Casiguran gained enough 
variance and accuracy to reach the decision thresholds. Moreover, 
estimating ETo in Clark and Cubi Point requires only two input 
weather variables (Model 2) to satisfy the thresholds. The results 
were consistent with both the rank correlation coefficient and the 
sensitivity analysis conducted in the study area, where the relevant 
weather variables were the same ones that showed significant 
correlation and the greatest sensitivity to ETo (Caguiat et al., 
2022).  Machine learning was also able to capture the most useful 
information stored in the available data without depending on any 
complex underlying knowledge about the specific area of interest 
(Khan et al., 2023; Dou and Yang, 2018). Bijlwan et al., (2024) 
were also able to determine the most important weather variable 
affecting ETo in Pantnagar, Uttarakhand using machine learning and 

Table 4:	 Input combinations used in evaluating the optimal 
machine learning model

Model Station Input combination

1
(One weather variable)

Baler Tmax
Casiguran Tmax
Clark Tmax
Cubi Point RH

2
(Two weather variables)

Baler Tmax, wind speed
Casiguran Tmax, RH
Clark Tmax, RH
Cubi Point RH, Tmax

3
(Three weather variables)

Baler Tmax, wind speed, RH
Casiguran Tmax, RH, Tmin
Clark Tmax, RH, wind speed
Cubi Point RH, Tmax, wind speed

4
(Four weather variables)

Baler Tmax, wind speed, RH, 
Tmin

Casiguran Tmax, RH, Tmin, wind 
speed

Clark Tmax, RH, wind speed, 
Tmin

Cubi Point RH, Tmax, wind speed, 
Tmin

Machine learning modeling of reference evapotranspiration in Philippines
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Table 5: Summary of the statistical indicators for the machine learning models (Scenario 1)

Station Input combination* Algorithm Model PCA Wilcoxon 
test**

Statistical indicators
RMSE 
(mm 
day-1)

R2
MSE 
(mm 
day-1)

MAE 
(mm 
day-1)

Baler

Tmax Neural 
network

Bilayered neural 
network σ2=0.85 P<0.05 0.50 0.71 0.25 0.39

Tmax, Wind speed Neural 
network

Bilayered neural 
network σ2=0.92 P<0.05 0.41 0.80 0.17 0.33

Tmax, Wind speed, RH Regression 
tree Optimizable tree σ2=0.98 P<0.05 0.35 0.86 0.12 0.29

Tmax, Wind speed, RH, 
Tmin GPR Optimizable GPR σ2=1.00 P<0.05 0.34 0.86 0.12 0.28

Casiguran

Tmax Neural 
Network

Bilayered neural 
network σ2=0.69 P<0.05 0.42 0.81 0.18 0.33

Tmax, RH GPR Optimizable GPR σ2=0.91 P<0.05 0.37 0.86 0.13 0.29
Tmax, RH, Tmin GPR Optimizable GPR σ2=0.97 P<0.05 0.33 0.88 0.11 0.26
Tmax, RH, Tmin, Wind 
speed GPR Optimizable GPR σ2=1.00 P<0.05 0.31 0.90 0.10 0.25

Clark

Tmax GPR Rational quadratic GPR σ2=0.94 P<0.05 0.53 0.73 0.29 0.42
Tmax, RH GPR Matern 5/2 GPR σ2=0.98 P<0.05 0.38 0.87 0.15 0.30
Tmax, RH, Wind speed GPR Optimizable GPR σ2=0.99 P<0.05 0.31 0.91 0.10 0.25
Tmax, RH, Wind speed, 
Tmin GPR Optimizable GPR σ2=1.00 P<0.05 0.29 0.92 0.09 0.22

Cubi Point

RH SVM Medium Gaussian 
SVM σ2=0.93 P<0.05 0.64 0.71 0.41 0.50

RH, Tmax GPR Optimizable GPR σ2=0.97 P<0.05 0.39 0.89 0.15 0.30

RH, Tmax, Wind speed Neural 
network

Trilayered neural 
network σ2=0.99 P<0.05 0.29 0.94 0.09 0.23

RH, Tmax, Wind speed, 
Tmin GPR Optimizable GPR σ2=1.00 P<0.05 0.27 0.95 0.08 0.21

* The input combinations that passed the threshold are marked in bold; ** P<0.05 means that the result is significant at a 5% significance level 
(α = 0.05)

Fig. 1: Comparison between ETo of Model 1 and the FAO Penman-Monteith method

Fig. 2: Comparison between ETo of Model 2 and the FAO Penman-Monteith method
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Fig. 3: Comparison between ETo of Model 3 and the FAO Penman-Monteith method

Fig. 4: Comparison between ETo of Model 4 and the FAO Penman-Monteith method

feature importance analysis. Results revealed that when there are 
data limitations, two or three input variables are enough to build 
a machine learning model that can estimate ETo accurately. In this 
case, the ETo in Central Luzon can be estimated using Tmax and 
RH (or wind speed) only. Fig. 1 to 4 show the relationship between 
ETo estimated by machine learning models and the FAO Penman-
Monteith method.

CONCLUSION

GPR provided better ETo estimates than the other machine 
learning algorithms. In general, the algorithms can be ranked as 
follows: GPR, Neural network, SVM, Ensemble of trees, Regression 
tree, and Linear regression. When ground-based data is used, the 
optimal combination requires only two or three input variables to 
satisfy the thresholds. This study proved that when there is limited 
ground-based weather data, machine learning is a powerful tool that 
can provide accurate ETo predictions and can be a good alternative 
to data-intensive ETo equations and empirical models.
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