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Accurate estimation of daily reference evapotranspiration (ETo) is essential for 
effective irrigation scheduling, improved water-use efficiency, and sustainable 
crop production in arid and semi-arid regions. Although the FAO-56 Penman–
Monteith equation (EToPM) is widely accepted as the reference method, its reli-
ance on complete meteorological data limits its applicability in data-scarce 
agricultural systems such as those in eastern Morocco. This study proposes a 
practical solution for daily ETo estimation under data-limited conditions by evalu-
ating machine learning approaches against traditional empirical models. Daily 
climatic data (2001–2025) were collected from airport meteorological stations, 
NASA POWER reanalysis, and on-farm sensors at four representative locations 
in Eastern Morocco (Oujda, Berkane, Taourirt, and Figuig). ETo was computed 
using the EToPM equation. Three ML algorithms—Support Vector Regression (SVR), 
Random Forest (RF), and Extreme Gradient Boosting (XGBoost)—were devel-
oped under multiple input scenarios guided by feature-importance analysis, 
which identified solar radiation (Rsn), maximum temperature (Tmax), and relative 
humidity (RH) as dominant predictors. To ensure realistic evaluation and avoid 
information leakage, a strict chronological split was applied, using 2001–2018 
for training and 2019–2025 for independent testing. The best ML configurations 
were then compared with widely used empirical ETo equations (Hargreaves–
Samani, Jensen–Haise, Priestley–Taylor, Makkink, and Turc). Results showed 
that XGBoost consistently outperformed SVR and RF, achieving the best balance 
between accuracy and computational efficiency. The three-input configuration 
(Rsn + Tmax + RH) produced near-reference performance across all locations 
(R2 = 0.976; RMSE < 0.55 mm day−1; training time ≈ 4.48 s; RAM ≈ 0.13 MB), 
while the reduced two-input configuration (Rsn + Tmax) maintained reliable 
performance (R2 = 0.936; RMSE ≈ 0.60 mm day−1; training time ≈ 0.33 s; RAM ≈ 
0.13 MB). In contrast, empirical approaches exhibited poor predictive capability 
and weak transferability, with negative R2 values and substantially larger errors 
(RMSE generally > 4 mm day−1, exceeding 7 mm day−1 in the weakest formula-
tions). Overall, this machine learning–based framework provides a robust and 
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operational alternative for daily ETo estimation in eastern Morocco, support-
ing efficient irrigation scheduling, improved agricultural water management, 
enhanced crop productivity, and sustainable agriculture in arid and semi-arid 
regions.
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sustainable agriculture, water management

1 Introduction

Water scarcity and climate change are critically challenging agri-
culture in arid and semi-arid regions. In Eastern Morocco, prolonged 
droughts, erratic rainfall patterns, and rising temperatures have dis-
rupted hydrological cycles and exacerbated water shortages 
(Abdullahi, 2025). Agriculture consumes about 88% of Morocco’s 
freshwater resources, so declining precipitation (~40% drop since 
2015) and groundwater over-exploitation have pushed water reserves 
to critical lows (dam reservoirs ~28% of capacity in 2024) (DIAEA, 
2024). This water crisis threatens food security and rural livelihoods 
(Depeursinge et al., 2010). Eastern Morocco’s farms, spanning from 
semi-arid plateaus to oasis zones, are predominantly rain-limited and 
heavily reliant on irrigation (WMO, 2023; Morocco - Water, 2023). 
With scarce water supplies posing serious risks to crop production, 
there is an urgent need for precise and judicious irrigation manage-
ment. Suboptimal irrigation practices, whether over- or under-water-
ing, not only waste water but also harm crops. Excessive watering 
leads to anaerobic conditions and root asphyxiation, nutrient leaching, 
and increased susceptibility to waterborne diseases (Kozlowski, 1984; 
Tasa et al., 2025). Whereas insufficient irrigation induces plant stress, 
impairs physiological functions, and ultimately reduces yields (Atta et 
al., 2023). Thus, determining the exact water requirement of crops at 
different growth stages is crucial for maximizing agricultural output 
while minimizing water wastage (Bayabil et al., 2020). To achieve this, 
it is essential to rely on accurate indicators of crop water demand. One 
of the most critical is evapotranspiration (ET). This physical process 
includes the combined movement of water into the atmosphere 
through two main processes: the evaporation of soil surface moisture 
and the transpiration of water occurring in plant tissues, with transpi-
ration alone accounting for 50–70% of total ET (Allen et al., 1998; 
Tausif et al., 2023).

Accurate estimation of ET remains essential in developing effec-
tive irrigation schedules since it directly reflects the amount of water 
that needs to be replenished in the soil to meet the atmospheric 
demand and physiological needs in crops (Wanniarachchi and 
Sarukkalige, 2022). Among the different ET forms, reference evapo-
transpiration (ETo) represents the rate of water loss from an ordi-
nance-irrigated reference crop (Quej et al., 2022). ETo is considered 
the most convenient and commonly used method in the estimation of 
crop evapotranspiration (ETc), as it enables a standardized reference 
applicable in different crop types with the use of specific crop coeffi-
cients (Allen et al., 1998). ETo can be assessed through both direct and 
indirect approaches. Direct methods like lysimeters can provide accu-
rate measurements, but they are often costly, complicated, and rarely 
used outside the experimental fields (Hamdaoui et al., 2024). 
Consequently, multiple empirical and semi-empirical models have 
been developed to estimate ETo based on meteorological data (Haris 

et al., 2025). The Penman-Monteith FAO-56 equation (EToPM) remains 
the global benchmark due to its strong physical basis and high accu-
racy in a wide range of climatic conditions (Allen et al., 1998; Yin et 
al., 2008). However, the EToPM formula requires numerous meteoro-
logical parameters, often unavailable in remote or resource-limited 
areas (Koç and Can, 2023). This data scarcity has spurred the use of 
simpler empirical equations that need fewer inputs—such as 
Hargreaves, Blaney–Criddle, Priestley–Taylor, Turc, or Jensen–
Haise—to approximate ETo (Rajput et al., 2023b). While these meth-
ods can provide rough estimates with minimal data, their simplicity 
often comes at the cost of substantial accuracy loss (Valipour, 2015). 
Many studies have confirmed that such traditional equations generally 
underperform compared to EToPM, especially under the variable and 
extreme climate conditions of arid regions (Ghiat et al., 2021; 
Katsoulas et al., 2019; Nagappan et al., 2025). This gap highlights a 
need for alternative approaches that maintain high accuracy while 
using limited inputs.

In recent years, artificial intelligence (AI) has introduced transfor-
mative tools to agriculture (Hamdaoui et al., 2025). Machine learning 
(ML), a key subset of AI, allows models to learn from data and identify 
complex patterns without relying on predefined equations (Khine, 
2024; Al Kaddouri et al., 2025). Once trained, ML models can accu-
rately predict and analyze agricultural processes such as crop growth, 
water use, and weather interactions, which are often too nonlinear for 
traditional empirical methods (Singla et al., 2024). Their ability to 
handle incomplete datasets and varying environmental conditions 
makes them particularly valuable for irrigation modeling in arid and 
semi-arid regions. A growing body of research worldwide has applied 
ML to ETo estimation under different climatic settings, confirming the 
strong capacity of algorithms such as Support Vector Machines 
(SVM), Random Forests (RF), Neural Networks, Long Short-Term 
Memory networks (LSTM), and Gradient Boosting (GB) models 
(Sabanci et al., 2023; Mohammadi et al., 2024). These data-driven 
models often surpass conventional methods in diverse climates by 
capturing complex nonlinear interactions among meteorological vari-
ables and adapting effectively to local climatic conditions. Recent stud-
ies in various climate conditions showed ML models providing more 
accurate daily ETo predictions than equations like Hargreaves or 
Blaney–Criddle, especially when certain climate inputs are missing. 
Moreover, ML models can be trained to be computationally efficient 
for deployment on devices, enabling integration with real-time irriga-
tion systems (Rajput et al., 2023a; Shaloo et al., 2024; Rajput et al., 
2024; Shaloo et al., 2026).

Despite these advances, very few studies have explored ML-based 
ETo estimation under Moroccan conditions, particularly in the harsh 
arid climate of Eastern Morocco. Therefore, it remains unclear 
whether ML can consistently outperform traditional empirical 
approaches while maintaining strong generalization under limited-
input conditions. In addition, many existing ML studies rely on 
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complete meteorological datasets, which reduces their applicability in 
data-scarce farming systems. The novelty of the present work lies in 
developing and validating a minimal-input, computationally efficient 
ML framework for daily ETo estimation in Eastern Morocco, and sys-
tematically benchmarking it against widely used simplified empirical 
equations under a strict chronological evaluation strategy. 
Accordingly, this study aims to: (1) Develop and compare three ML 
models (SVR, RF, and XGBoost) for daily ETo estimation in Eastern 
Morocco under multiple reduced-input scenarios, using EToPM as the 
reference target; (2) Compare the selected ML-minimal-input con-
figurations against widely used simplified empirical ETo equations to 
evaluate whether ML provides a statistically and operationally mean-
ingful improvement under data-scarce conditions; and (3) Deliver a 
practical and resource-efficient ETo prediction framework that can 
support precision irrigation scheduling and improve crop water man-
agement in arid and semi-arid regions, combining high accuracy with 
low computational cost. The proposed framework also provides a basis 
for future integration into IoT-enabled irrigation systems, facilitating 
real-time decision-making and contributing to sustainable agriculture 
and water security in Morocco.

2 Materials and methods

2.1 Study zones

The present investigation was undertaken in the oriental region of 
Morocco. This region, encompassing approximately 82,800  km2, 
extends from the Mediterranean coastline to the border with Algeria 
and includes a range of environments from relatively humid northern 
areas to arid desert regions in the south. It is characterized as a geo-
graphically diverse zone exhibiting a semi-arid to arid climate, marked 
by low annual precipitation, elevated ET rates, and recurrent drought 
occurrences. To adequately reflect the climatic and agronomic vari-
ability within the oriental region, four representative zones were iden-
tified for data collection and model formulation: Oujda, Berkane, 
Taourirt, and Figuig (Figure 1). The geographic coordinates and prin-
cipal climatic features (averages for 2024) of these selected zones are 
presented in Table 1. This particular area was selected because of its 
significance in agriculture, scarcity of water resources, and substantial 
interannual climatic fluctuations.

2.2 Agricultural importance of the study 
zones

Eastern Morocco constitutes one of the country’s main agricul-
tural basins. Despite a generally arid to semi-arid climate, this region 
is home to diverse agricultural systems, primarily focused on arbori-
cultural, horticultural, and cereal crops. Berkane stands out as a major 
center for citrus production, relying heavily on irrigation, which 
makes accurate ETo estimation essential for water management 
(Ahmed Matoir et al., 2025). Oujda and Taourirt are dominated by 
agrosylvo-pastoral systems in which plant production is based on 
cereals, legumes, as well as arboricultural crops, often grown in rain-
fed conditions or with supplemental irrigation. These systems are 
based on a tiered agriculture where phoenicultural, horticultural, and 
forage crops coexist (Madani and Tariq, 2006). The selected zones in 
this study stand out as major agricultural basins, contributing 

significantly to crop production, both regionally and nationally, as well 
as in export sectors.

2.3 Data sources and preprocessing

2.3.1 Data sources

To build a comprehensive dataset, we gathered daily climatic 
records covering maximum and minimum temperatures (Tmax and 
Tmin °C), relative humidity (RH %), wind speed at 2 m (U₂, m s−1), 
and solar radiation (Rsn, MJ m−2 day−1) from 2001 to 2025 for the four 
study sites within the selected zones, their geographic coordinates are 
as in Table 2. Data collection relied on three main sources: (i) the 
NASA POWER platform, (ii) meteorological stations in agricultural 
exploitations, and (iii) airport weather stations. However, despite these 
efforts, the data collection process faced significant challenges. Many 
local stations were either inoperative or only partially equipped, or 
lacking certain climatic sensors, leading to gaps in measurement. 
Some records were incomplete, discontinuous, or difficult to access 
due to administrative restrictions. These obstacles highlight the lack 
of reliable and continuous climatic monitoring infrastructure in the 
Moroccan oriental region.

2.3.2 Data preprocessing and temporal splitting 
strategy

All data were compiled into site-specific Excel datasets, then under-
went a preprocessing phase that included cleaning missing/outlier 
values, merging variables from different sources into unified datasets, 
and normalizing predictors (important for SVR). Daily ETo was then 
computed using the EToPM (Allen et al., 1998), which served as the target 
variable for model development. Since ETo is a time-dependent variable, 
splitting step using a random train–test split would create information 
leakage, leading to overly optimistic performance estimates. Therefore, 

FIGURE 1

Geographical location of the four study zones.
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a strict chronological splitting strategy was adopted to preserve temporal 
causality and ensure realistic model evaluation. Specifically, data from 
2001 to 2018 were used for model training, while the independent 
period 2019–2025 (≈20% of the dataset) was reserved for testing. This 
temporally consistent evaluation reflects real operational conditions, 
where future ETo must be predicted exclusively from past climatic 
observations. Accordingly, all performance metrics reported in the 
Results section were derived from this chronological train–test scheme.
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Where: EToPM denotes the daily reference evapotranspiration 
computed using the Penman–Monteith method (mm day−1); Δ is the 
slope of the saturation vapor pressure curve as a function of mean 
daily air temperature (kPa °C−1); Rn is the net radiation at the crop 
surface (MJ m−2 day−1); G is the soil heat flux density (MJ m−2 day−1); 
γ is the psychrometric constant, which varies with altitude (kPa °C−1); 
T is the mean daily air temperature (°C); u₂ is the wind speed mea-
sured at 2 m height (m s−1); es is the saturation vapor pressure (kPa); 
and ea is the actual vapor pressure (kPa).

2.4 Machine learning framework

In this study, three ML algorithms were developed to predict daily 
ETo: Support Vector Regression (SVR), Random Forest (RF), and 
Extreme Gradient Boosting (XGBoost).

	a	 SVR derived from support vector machines, fits the best 
regression function within a predefined error margin using 
kernel functions, enabling it to capture complex relationships 
between climatic variables and ETo while performing well on 
relatively small datasets (Smola and Schölkopf, 2004).

	b	 RF, an ensemble method, produces multiple decision trees 
from random sets of the data and features, then averages their 

predictions in order to reduce variance and prevent overfit-
ting. The method proves robust to noise, can model nonlinear 
interactions, and provides valuable insights into the impor-
tance of variables (Breiman, 2001).

	c	 XGBoost, an efficient implementation of gradient boosting, 
constructs trees in sequence such that each fixes the mistakes 
of the previous one, and includes regularization in order to 
prevent overfitting and deals adequately with missing values, 
making it very suitable for structured type of datasets like cli-
matic records (Chen et al., 2016).

Model development and evaluation were performed in Python 
3.11 using the following libraries: scikit-learn (v1.5.0), XGBoost 
(v2.1.0), pandas (v2.2.2), NumPy (v1.26.0), Matplotlib (v3.8.0), and 
Seaborn (v0.13.0).

2.5 Conventional empirical ETo estimation 
models

Five widely used simplified empirical equations were included for 
comparison with the best ML model, using the EToPM method as the 
reference standard, to assess whether ML approaches outperform clas-
sical empirical models in estimating daily ETo:

	a	 The Hargreaves-Samani formula (HSF) (Hargreaves and 
Samani, 1985):

	 ( ) ( )= + −HSF a a max minETo 0.0023R T 17.8 T T

Where: EToHSF represents the ETo value computed using the HSF 
(mm day−1). Tmin, Tmax, and Ta refer to the minimum, maximum, and 
mean air temperatures (°C). Ra is the extraterrestrial radiation 
(MJ m−2 day−1), computed following (Allen et al., 1998):

	
( ) ( ) ( ) ( ) ( )a sc r s s

24 60R G d sin sin cos cos sin×  = ω ϕ δ + ϕ δ ω π

Here, Gsc is the solar constant (0.082 MJ m−2 min−1), ωs is the 
sunset hour angle (rad), δ is the solar declination (rad), and dr is the 
inverse relative Earth–sun distance.

TABLE 1  Geographic coordinates and main climatic characteristics (2024 averages) of the four study zones.

Regions Latitude Longitude Avg. 
TMax 
(°C)

Avg. 
TMin 
(°C)

Avg. 
RH (%)

Avrg. 
Precipitation 

(mm/day)

Avg. 
WS 

(m/s)

Radiation 
(MJ/m2/day)

Oujda 34.63°N −1.89°W 26.24 12.04 50.42 0.56 2.87 18.43

Berkane 34.99°N −2.26°W 26.02 15.63 61.62 0.72 2.92 18.52

Taourirt 34.41°N −2.88°W 29.30 14.73 49.7 0.59 2.48 18.82

Figuig 32.11°N −1.23°W 28.92 14.22 34.01 0.21 2.94 20.28

TABLE 2  Geographic coordinates of the selected sites within the study zones.

Sites Latitude Longitude

Site 1 Berkane 34.9994°N −2.2698°W

Site 2 Oujda 34.6369°N −1.8989°W

Site 3 Figuig 32.0972°N −1.2295°W

Site 4 Taourirt 34.4145°N −2.8845°W
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	b	 The Makkink formula (MF) (Makkink, 1957):

	

s
MF

RETo 0.61 0.12
 ∆  = −  ∆ + γ λ  

Where: EToMF is the daily ETo estimated using MF (mm day−1). λ 
is the latent heat of vaporization (MJ kg−1). Rs is the incoming shortwave 
solar radiation (MJ m−2 day−1). Other parameters are as defined above.

	c	 The Priestley-Taylor formula (PTF) (Gong et al., 2021):

	

n
PTF

R GETo 1.26
 ∆ − =   ∆ + γ λ  

where EToPTF is the daily ETo estimated using the (PTF) 
(mm day−1), and the remaining variables are as previously defined.

	d	 Turc formula (TF) (Turc, 1961):

	
( )= + >

+
a

F HT s
a

T0.0133 R 50 R 50%
T 15

ETo

	
( ) − = + + < +  

a H

a
TF s H

T 50 R0.0133 R 50 1 R 50%
T 15 70

ETo

Where: EToTF represents the ETo value computed using the TF 
(mm day−1). RH is the relative humidity (%). Other parameters are the 
same as the previous equations.

	e	 The Jensen-Haise formula (JHF) (Jensen and Haise, 1963):

	
( )s

JHF a x
RETo 0.025 T T = − λ 

Where: EToJHF represents the ETo value computed using the JHF 
(mm day−1). 0.025 is a temperature constant. Tx is equal to −3. The 
other parameters are as in the previous equations.

2.6 Feature importance analysis

Feature importance was estimated for each regression algo-
rithm to quantify the contribution of the input variables to ETo 
prediction. The approach depended on the nature of the algo-
rithm. For the RF and XGBoost, importance was calculated using 
the mean decrease in impurity (MDI), also referred to as Gini 
importance. For each split in a decision tree, the reduction in 
squared error (MSE) is attributed to the variable used. The total 

importance of a feature is the normalized sum of these reductions 
across all trees:

	

( )

( )
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j T

s S
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∈
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∈
=

∆

=

∆

∑∑

∑∑

where FIj is the importance of feature j, Δi (s,t) is the reduction of 
impurity at split s in tree t, Sj,t is the set of splits using feature j, and T 
is the number of trees.

Since SVR does not provide direct feature importance, we used 
permutation importance. This method evaluates the change in model 
performance (measured by RMSE) when the values of one feature are 
randomly permuted while others remain unchanged. The importance 
of a feature j is then:

	 ( )= −j baselineperm jPI RMSE RMSE

where RMSEperm(j) is the model error after permuting feature j, and 
RMSEbaseline is the original error.

Based on the feature importance analysis, five feature combination 
scenarios were designed to evaluate the impact of different input vari-
ables on ETo prediction performance. The details of these scenarios 
are presented in the Results section.

2.7 Model training and validation procedure

Following the strict chronological split described in Section 
2.3, models were trained using the historical period 2001–2018 
and evaluated on the independent testing period 2019–2025. 
Hyperparameters were optimized using a grid-search strategy, 
selecting the combinations that minimized the Root Mean 
Square Error (RMSE). Final models were retrained using the 
optimal hyperparameters and assessed on the unseen test period 
using the performance metrics defined in Section 2.8. The opti-
mal hyperparameter settings for each algorithm are summarized 
in Table 3.

TABLE 3  Optimized hyperparameters for machine learning models.

Model Hyperparameter Tested 
values

XGBoost n_estimators [100, 300]

learning_rate [0.05, 0.1]

max_depth [3, 5]

RF n_estimators [100, 200]

max_depth [10, 20]

min_samples_split [2, 5]

SVR C (Regularization) [10]

epsilon [0.1]
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2.8 Performance metrics

Model evaluation and comparison were conducted using multi-
ple statistical indicators computed separately for the training and 
testing phases:

	a	 Root Mean Square Error (RMSE): RMSE is the square root of 
MSE and provides error values in the same unit as the pre-
dicted variable (ETo in mm/day). It offers an interpretable 
measure of the model’s predictive performance.

	
( )

=
= −∑

n
2

i i
i 1

1RMSE ˆy y
n

	b	 Mean Absolute Error (MAE): MAE evaluates the average mag-
nitude of the prediction errors without considering their 
direction (positive or negative). It provides a straightforward 
measure of the absolute discrepancies between predicted and 
observed ETo values.

	
−

=
= ∑

n

i i
i 1

1M E y
n

ˆA y

	c	 Mean Absolute Percentage Error (MAPE): MAPE expresses 
prediction accuracy as a percentage by comparing absolute 
errors to actual observed values. It is particularly useful for 
interpreting model performance in relative terms, though it 
may be sensitive when actual values approach zero.

	 =

−
= ∑

n
i i

ii 1

100 y yMAPE
ˆ

n y

	d	 Coefficient of Determination (R2): R2 quantifies how well the 
predictions explain the variance of the observed ETo values. A 
value close to 1 indicates strong explanatory power.
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	e	 Execution Time (s): The time required for model training and 
prediction was recorded to assess computational efficiency, an 
important factor for large-scale or real-time applications.

	f	 Memory Usage (MB): Memory consumption during training 
and testing was also monitored, as resource efficiency is criti-
cal for future deployment on low-power or embedded devices.

The overall workflow of the proposed modeling approach is illus-
trated in Figure 2.

2.9 Code and data availability

All datasets used in this study were obtained from NASA 
POWER,1 Moroccan airport weather stations, and private farm 

1  https://power.larc.nasa.gov/

networks in the Oriental region. The datasets and Python scripts used 
for model training and analysis are available upon reasonable request 
or via the corresponding author.

3 Results

3.1 Model’s performance with all features

Using the complete set of input features, all ML models exhib-
ited excellent predictive performance for ETo estimation during 
both training and testing phases. High coefficients of determina-
tion (R2 = 0.99) were obtained for XGBoost, RF, and SVR, indicat-
ing a strong ability to reproduce the variability of reference ETo 
values (Table 4). The evaluation of error magnitude revealed 
notable differences among models: SVR achieved the lowest 
RMSE values (0.047 mm day−1 in training and 0.053 mm day−1 in 
testing), followed by XGBoost (0.048 and 0.103 mm day−1, respec-
tively), whereas RF showed a larger increase in testing error 
(RMSE ≈ 0.2 mm day−1), suggesting reduced generalization 
despite high R2 values (Figure 3). The comparison between train-
ing and testing metrics indicates that SVR and XGBoost achieved 
stable performance with limited overfitting, while RF exhibited 
greater sensitivity to unseen data. Scatter plots of predicted versus 
reference ETo further corroborated these findings, with predic-
tions from SVR and XGBoost closely clustered around the 1:1 line 
across the full ETo range, whereas RF displayed a slightly wider 
dispersion during testing (Figure 4). In addition to predictive 
accuracy, computational efficiency differed among models: 
XGBoost and SVR required shorter execution times during train-
ing, whereas RF exhibited the highest computational cost, reflect-
ing its ensemble-based structure. Similarly, memory usage varied 
across models, with RF requiring substantially higher memory 
resources compared to XGBoost and SVR, which demonstrated 
more compact memory footprints (Table 4).

3.2 Feature importance

The feature importance score among the three models (RF, SVR, 
and XGBoost) consistently ranked Rsn first in affecting ETo estima-
tion, with cumulative contribution in all models exceeding 80%. The 
second and third most influential variables were Tmax and RH, 
which ranged from the interval of 20 to 38% among the three models. 
The least contributors were the wind speed (U2), with minimum tem-
perature (Tmin), which contributed marginally (Figure 5). From the 
above findings, the exploration in the subsequent section concen-
trated on Rsn, Tmax, and RH as the main inputs in the derivation of 
the reduced-feature models.

3.3 Reduced feature combinations results

To evaluate the practical impact of the dominant variables (Rsn, 
Tmax, and RH) and assess the models’ capacity to estimate ETo with 
minimal inputs, each algorithm was retrained and tested on four sce-
nario combinations of input sets (Table 4).
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3.3.1 Performance with single feature (Rsn)

When solar radiation (Rsn) was used as the sole input variable, 
given its high relevance identified by the feature importance analysis, 
all three models exhibited moderate predictive performance relative 
to the reference EToPM during both training and testing phases. 
During testing, the coefficients of determination derived from the R2 
bar charts (Figures 6–8) reached 0.585 for XGBoost, 0.576 for RF, and 
0.538 for SVR, indicating limited agreement between predicted and 
observed values when relying exclusively on Rsn. The corresponding 
error metrics reported in Table 4 show relatively high prediction 
errors for this configuration. Testing RMSE ranged from 
2.138 mm day−1 (XGBoost) to 2.314 mm day−1 (RF), while training 
RMSE values exceeded 1.8 mm day−1 for all models. Among the evalu-
ated algorithms, XGBoost achieved the lowest testing RMSE and 
slightly lower MAE and MAPE values compared to RF and SVR. From 
a computational perspective, all models required relatively low 

resources under the single-feature scenario. XGBoost was the most 
efficient, achieving the shortest training time (7.79 s) and the lowest 
peak memory usage (0.12 MB), compared with RF (9.98 s; 19.95 MB) 
and SVR (8.70 s; 0.89 MB) (Table 4).

3.3.2 Performance with two features

The inclusion of a second input variable resulted in a substantial 
improvement in model performance compared to the single-feature 
configuration. In scenario 3 (Rsn + Tmax), high predictive accuracy 
was obtained for all models during both training and testing phases. 
During training, R2 values reached 0.9956 for XGBoost, 0.9914 for RF, 
and 0.9473 for SVR. In the testing phase, the corresponding R2 values 
remained high, attaining 0.936 for XGBoost, 0.934 for RF, and 0.931 
for SVR, as illustrated in the R2 comparison bar charts (Figures 6–8). 
This improvement was accompanied by a marked reduction in predic-
tion errors. As shown in Table 4, testing RMSE values decreased to 

FIGURE 2

Workflow of the proposed ETo estimation approach.
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TABLE 4  Performance metrics of Random Forest (RF), Support Vector Regression (SVR), and Extreme Gradient Boosting (XGBoost) under different input feature scenarios.

Model Input 
scenarios

MSE 
train

MSE 
test

RMSE 
train

RMSE 
test

R2 train R2 test MAE 
train

MAE 
test

MAPE 
train

MAPE 
test

Execution 
time (s)

Memory 
(MB)

RF Scenario 1: all the 

features

0.0037 0.0381 0.0607 0.1952 0.9996 0.9965 0.0401 0.1268 0.76 2.04 9.43 24.08

SVR 0.0023 0.0029 0.0477 0.0537 0.9998 0.9997 0.0398 0.0417 0.95 0.81 0.6 3.09

XGBoost 0.0024 0.0107 0.0488 0.1035 0.9998 0.999 0.037 0.0718 0.74 1.21 2.96 0.21

RF Scenario 2: Rsn 3.317 5.3566 1.8213 2.3144 0.6833 0.576 1.4028 1.7841 26.19 28.46 9.98 19.95

Scenario 3: Rsn, 

Tmax

0.0896 0.8113 0.2994 0.9007 0.9914 0.934 0.2053 0.6345 3.87 10.55 10.26 22.83

Scenario 4: Rsn, 

RH

0.1815 1.576 0.426 1.2554 0.9827 0.874 0.3204 0.965 5.43 14.92 10.27 23.24

Scenario 5: Rsn, 

RH, Tmax

0.0258 0.27 0.1608 0.5196 0.9975 0.976 0.0983 0.3284 1.83 5.35 9.32 23.69

SVR Scenario 2: Rsn 4.1374 5.0606 2.0341 2.2496 0.605 0.5383 1.5427 1.667 26.45 26.75 8.7 0.89

Scenario 3: Rsn, 

Tmax

0.5517 0.757 0.7427 0.87 0.9473 0.931 0.4921 0.5951 8.94 9.56 9.29 1.59

Scenario 4: Rsn, 

RH

1.1238 1.3768 1.0601 1.1734 0.8927 0.8744 0.7946 0.8915 13.6 13.89 8.92 1.65

Scenario 5: Rsn, 

RH, Tmax

0.163 0.2346 0.4038 0.4844 0.9844 0.979 0.2433 0.301 4.52 4.86 9.41 1.97

XGBoost Scenario 2: Rsn 4.1374 5.0606 1.9822 2.1382 0.6249 0.585 1.5616 1.635 29.78 25.23 7.79 0.12

Scenario 3: Rsn, 

Tmax

0.5517 0.757 0.6006 0.8782 0.9956 0.936 0.429 0.6066 8.18 10.08 0.33 0.13

Scenario 4: Rsn, 

RH

1.1238 1.3768 0.8939 1.2013 0.9237 0.876 0.6873 0.9229 11.96 14.13 4.76 0.12

Scenario 5: Rsn, 

RH, Tmax

0.163 0.2346 0.2689 0.5258 0.9931 0.977 0.1838 0.327 3.57 5.31 4.48 0.13
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0.878 mm day−1 for XGBoost, 0.90 mm day−1 for RF, and 
0.870 mm day−1 for SVR, while training RMSE values remained below 
0.75 mm day−1 for all models. XGBoost maintained a favorable bal-
ance between accuracy and computational efficiency, requiring only 
0.33 s of training time and 0.13 MB of memory, compared to RF 
(10.26 s and 22.83 MB) and SVR (9.29 s and 1.59 MB).

In the Rsn + RH scenario, intermediate predictive performance 
was obtained for all models during both training and testing phases. 
Training R2 values ranged from 0.8927 for SVR to 0.9827 for RF, while 
testing R2 values decreased to 0.876 for XGBoost, 0.874 for SVR, and 

RF. Correspondingly, testing RMSE values increased to 
1.173 mm day−1 for SVR, 1.255 mm day−1 for RF, and 1.201 mm day−1 
for XGBoost (Table 4). Although this configuration improved predic-
tion accuracy relative to the single-feature case, its performance 
remained consistently lower than that obtained with the Rsn + Tmax 
combination across all three models. From a computational stand-
point, XGBoost again exhibited lower training time (4.76 s) and mini-
mal memory usage (0.12 MB), whereas RF showed substantially 
higher memory consumption exceeding 23 MB, and SVR required 
intermediate computational resources.

FIGURE 3

Comparison of R2 and RMSE for SVR, RF, and XGBoost models in training and testing datasets using all input features.

FIGURE 4

Scatter plots of predicted versus reference ETo for SVR, RF, and XGBoost models using all input features (training and testing).
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3.3.3 Performance with three-features: Rsn, Tmax, 
and RH

The integration of three input variables in Scenario 5 
(Rsn + Tmax + RH) resulted in the highest predictive accuracy among 
all reduced-input configurations for the three models. During the 
training phase, very high coefficients of determination were obtained, 
with R2 values of 0.9931 for XGBoost, 0.9975 for RF, and 0.9844 for 
SVR. During testing, XGBoost and RF achieved similarly high per-
formance, with R2 values of 0.977 and 0.976, respectively, while SVR 
showed a marginally higher R2 (0.979), as illustrated in the R2 com-
parison bar charts (Figures 6–8). The error metrics reported in Table 4 
confirm the high predictive accuracy of this configuration. During 
training, RMSE values were 0.2689 mm day−1 for XGBoost, 
0.1608 mm day−1 for RF, and 0.4038 mm day−1 for SVR. In the testing 
phase, XGBoost achieved an RMSE of 0.5258 mm day−1, slightly 
higher than RF (0.5196 mm day−1) and SVR (0.4844 mm day−1). 

Testing MAE values were 0.327 mm day−1 for XGBoost, 
0.3284 mm day−1 for RF, and 0.301 mm day−1 for SVR, while testing 
MAPE values remained low, at 5.31, 5.35, and 4.86%, respectively. 
From a computational perspective (Table 4), XGBoost showed the 
lowest training time among the tree-based models, requiring 4.48 s 
with a peak memory usage of 0.13 MB. RF exhibited a longer training 
time of 9.32 s and substantially higher peak memory usage of 
23.69 MB. SVR required 9.41 s of training time with a peak memory 
usage of 1.97 MB.

3.3.4 Selection of the optimal machine learning 
model

Based on the comparative evaluation of the three ML models 
under different scenarios, XGBoost showed the most reliable perfor-
mance, particularly under the two- and three-input configurations. It 
achieved the best compromise between predictive accuracy and 

FIGURE 5

Relative feature importance of climatic inputs across the evaluated machine learning models.

FIGURE 6

Accuracy comparison of RF under different input combinations.
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computational efficiency, including training time and memory usage, 
as summarized in the performance table. This result is further sup-
ported by the scatter plots obtained for the testing dataset, which show 
a strong agreement between XGBoost-predicted ETo values and the 
reference EToPM across all feature combinations, with predictions 
closely distributed around the 1:1 line, particularly for the scenarios 
using two inputs (Rsn + Tmax) and three inputs (Rsn + Tmax + RH) 
(Figure 9). In addition, the time-series analysis performed on the test-
ing samples demonstrates that XGBoost accurately reproduces the 
temporal dynamics of ETo, capturing both short-term variability and 
peak values without noticeable systematic bias or temporal lag 
(Figure 10). These visual analyses are fully consistent with the statisti-
cal performance metrics and confirm the robustness and 

generalization capability of XGBoost. Based on these results, the 
XGBoost model configured with two inputs (Rsn and Tmax) and three 
inputs (Rsn, Tmax, and RH) was selected for comparison with tradi-
tional empirical ETo estimation models in the next section.

3.4 Comparison of XGBoost models with 
empirical ETo methods

The performance of the proposed XGBoost models was compared 
with the widely used empirical ETo equations presented in Section 2.5. 
Based on the previous analysis of input combinations, the two 
XGBoost configurations that exhibited the highest predictive accuracy 
were retained for comparison: a reduced-input model using two 

FIGURE 7

Accuracy comparison of SVR under different input combinations.

FIGURE 8

Accuracy comparison of XGBoost under different input combinations.
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variables (Rsn + Tmax), hereafter referred to as XGBoost-2, and an 
extended-input model using three variables (Rsn + Tmax + RH), 
referred to as XGBoost-3. The comparison was conducted using the 
global statistical indicators described in Section 2.7, aggregated across 
all studied regions (Berkane, Figuig, Oujda, and Taourirt), and based 
on the testing period from 2019 to 2025.

3.4.1 Global performance comparison

As summarized in Table 5 and Figure 11, both XGBoost configura-
tions (XGBoost-3 and XGBoost-2) substantially outperformed all sim-
plified empirical equations across all evaluation metrics. XGBoost-3 
achieved the highest overall accuracy, showing excellent agreement with 
the reference EToPM, with the lowest global MAE (0.332 mm day−1), and 
a negligible bias (−0.0206 mm day−1), indicating the absence of system-
atic over- or underestimation. Although slightly less accurate, XGBoost-2 
also demonstrated strong predictive capability (global R2 = 0.9381) and 
remained clearly superior to all empirical approaches. The global RMSE 
comparison confirms a large performance gap, with XGBoost-3 and 
XGBoost-2 yielding RMSE values of 0.5077 and 0.8237 mm day−1, 
respectively, whereas the empirical models exhibited substantially higher 
errors, with RMSE values ranging from 4.03 mm day−1 (Jensen–Haise) 

to 7.43 mm day−1 (Turc). In addition, all empirical methods yielded 
negative R2 values (Table 5), reflecting their limited ability to reproduce 
the variability of ETo relative to the PM reference method. Overall, the 
XGBoost models reduced estimation errors by approximately 80–90% 
compared with traditional empirical equations.

3.4.2 Regional consistency of model performance

The regional comparison of RMSE and R2 values highlights clear 
differences in model performance across Berkane, Figuig, Oujda, and 
Taourirt. In all regions, XGBoost-3 consistently achieved the lowest 
RMSE values and the highest R2 scores, followed closely by XGBoost-2, 
indicating stable and high predictive accuracy across the study area. 
Conversely, all empirical models yielded consistently negative R2 
values across all regions (Figure 12).

4 Discussion

This study employed machine learning approaches to estimate 
daily reference evapotranspiration with high precision using a 

FIGURE 9

Scatter plots of the selected ML model (XGBoost): predicted versus FAO-56 Penman–Monteith reference ETo for the testing dataset under different 
input combinations.
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minimal set of climatic inputs, and systematically compared their per-
formance against conventional empirical methods using standard 
statistical metrics, to enhance water-use efficiency and support sus-
tainable irrigation practices in arid and semi-arid agricultural regions, 
particularly in Eastern Morocco.

The investigation commenced with an analysis of feature impor-
tance, which consistently indicated that Rsn is the primary factor 
influencing ETo across all employed models (RF, SVR, and XGBoost). 
This finding aligns with the fundamental physical principle that ET is 
essentially an energy-driven process (Allen et al., 1998). Comparable 
conclusions were reached by Liu et al. (2021) and Sh Sammen et al. 
(2023), who identified Rsn as the most significant input in ETo model-
ing. Nevertheless, the present study analysis revealed that radiation 

alone (scenario 2) fails to account for the complete variability of daily 
ETo, as the models consistently underestimated high values while 
overestimating low values. This limitation was similarly recognized by 
Adnan et al. (2019), who highlighted the inadequate standalone effi-
cacy of solar-radiation-based models. In Scenario 3, the incorporation 
of the second crucial feature, Tmax, significantly enhanced predictive 
accuracy, thereby emphasizing its complementary relationship with 
Rsn. In semi-arid and arid climates, Tmax serves as a strong indicator 
of atmospheric thermal demand and plays a role in vapor pressure 
deficit, rendering it an essential predictor (Gao et al., 2017; Yu et al., 
2020). These findings are consistent with those of Abdel-Fattah et al. 
(2023) and Chia et al. (2020), who noted Tmax as one of the most 
impactful variables in ETo modeling within arid and semi-arid con-
texts. Research conducted in Mexico also validated Tmax as a reliable 
predictor in warm climates (Quej et al., 2022). In contrast, when Rsn 
was combined with the third most important feature, RH, in scenario 
4, the models exhibited a moderate improvement compared to using 
Rsn alone, but the performance remained weaker than that of the 
Rsn + Tmax scenario. RH captures atmospheric moisture conditions 
and indirectly reflects vapor pressure deficit, but its influence on ETo 
was weaker in arid and semi-arid study sites. This finding is consistent 
with Pagano et al. (2023) and Salahudin et al. (2023), who showed that 
RH plays a more important role in humid regions than in arid ones. 
Nourani et al. (2019) further explained that in wetter locations, high 
air moisture content enhances the predictive role of RH, whereas in 
drier regions its contribution diminishes. Nonetheless, in data-scarce 
regions where Tmax is unavailable, the Rsn + RH scenario remains a 
practical alternative for ETo estimation. If the third and fourth sce-
narios gave a high performance across the three models, the combina-
tion of the most relevant three variables in the fifth scenario (Rsn, 
Tmax, and RH) achieved the best overall performance across all the 

FIGURE 10

Time-series comparison of the selected model (XGBoost): predicted and FAO-56 Penman–Monteith reference ETo for the testing dataset under 
different input combinations.

TABLE 5  Comparison of XGBoost (two- and three-input) and empirical models for ETo 

estimation.

Model Global 
RMSE

Global 
MAE

Global 
R2

Global 
bias

XGBoost 3 0.5077 0.332 0.9765 −0.0206

XGBoost 2 0.8237 0.5881 0.9381 −0.0312

Jensen and 

Haise (JH)

4.0314 3.2064 −0.4831 −2.2432

Hargreaves 

Samani (HS)

4.2483 3.392 −0.6469 2.2618

Makkink 5.2739 4.2841 −1.5381 2.1859

Priestley 

Taylor

5.9579 5.029 −2.2392 −0.7447

Turc 7.4341 6.6983 −4.0432 −6.6983
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models. Despite relying on fewer input variables, this level of accuracy 
is almost indistinguishable from the benchmark FAO-56 Penman–
Monteith method and scenario 1, which incorporates all climatic 
inputs. These findings clearly demonstrated the critical role of Tmax 
in improving ETo prediction in arid and semi-arid regions. When 
combined with Rsn, Tmax significantly enhanced predictive accuracy. 
Additionally, while RH alone with Rsn provided a weaker contribu-
tion, its role became more meaningful when combined with Tmax, as 
the interaction between air temperature and humidity refines the rep-
resentation of vapor pressure deficit as reported by Granata (2019).

When comparing the algorithms, the three ML models, XGBoost, 
RF, and SVR, exhibited overall similar predictive performance, with 
only marginal differences in accuracy across most input configura-
tions. In several scenarios, including the single-input case (Rsn) and 
the two-input configurations (Rsn + Tmax and Rsn + RH), XGBoost 
consistently achieved the highest R2 values, followed closely by RF or 
SVR. In the three-input configuration (Rsn + Tmax + RH), all models 
reached very high accuracy levels, with only slight differences in 

performance, indicating that all three algorithms are capable of accu-
rately estimating ETo using limited climatic information. Despite 
these relatively small differences in predictive accuracy, clear contrasts 
emerged when computational efficiency was considered. XGBoost 
consistently required substantially lower training time and memory 
resources than both RF and SVR. This efficiency advantage becomes 
particularly important in operational contexts, where models are 
intended for real-time use, such as in smart irrigation systems, embed-
ded platforms, or IoT-based decision-support tools. Consequently, 
although all three algorithms demonstrated strong predictive capabil-
ity, the combination of high accuracy, low computational cost, and 
reduced memory demand makes XGBoost the most suitable algo-
rithm for practical deployment in precision irrigation applications. 
These findings align with previous research demonstrating the supe-
riority of XGBoost for accurate and efficient ETo estimation (Kaissi et 
al., 2025; Lavarenne and Brouillet, 2025; Mohammadnezhad et al., 
2025). The ability of the reduced-input ML models to achieve accuracy 
comparable to the FAO-56 Penman–Monteith equation represents a 

FIGURE 11

Comparison of global RMSE values for XGBoost-2, XGBoost-3, and empirical ETo models.

FIGURE 12

Regional performance comparison (RMSE and R2) of selected XGBoost models and empirical methods across the four sites.
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key outcome of this study. Although the Penman–Monteith formula-
tion is grounded in physical principles, its reliability depends on the 
availability of high-quality and complete climatic datasets. In contrast, 
our streamlined ML models were able to attain similar levels of accu-
racy by effectively capturing the complex, non-linear relationships 
among only three dominant variables. From an irrigation manage-
ment perspective, the strong performance of the two- and three-fea-
ture configurations is particularly valuable, as it enables reliable 
estimation of crop water requirements while substantially reducing 
data dependency. This capability supports more precise irrigation 
scheduling, improves water-use efficiency, and contributes to sustain-
able irrigation practices in arid and semi-arid agricultural systems. 
Similar conclusions have been reported by Ge et al. (2022) and 
Yildirim et al. (2023).

Following its identification as the most suitable algorithm among 
the evaluated ML approaches, two XGBoost configurations were 
selected for further analysis and comparison with widely used 
empirical ETo estimation methods. These configurations include a 
reduced-input model based on solar radiation and maximum tem-
perature (Rsn + Tmax) and an extended-input model incorporating 
relative humidity (Rsn + Tmax + RH). The empirical methods exhib-
ited a limited ability to maintain stable predictive performance 
across the studied regions. Despite the pronounced climatic con-
trasts between the semi-arid Mediterranean conditions of Berkane 
and the arid continental climate of Figuig, the empirical formula-
tions consistently yielded low or even negative R2 values across all 
regions. This behavior indicates that such empirical equations strug-
gle to represent the complex interactions between climatic drivers in 
arid and semi-arid environments, particularly when applied without 
local calibration. Similar limitations have been reported by Acharki 
et al. (2025), who showed that several commonly used empirical 
methods, including Hargreaves–Samani and Makkink-based formu-
lations, performed poorly when compared to FAO-56 Penman–
Monteith estimates. Among the empirical approaches evaluated in 
the present study, the Hargreaves–Samani and Jensen–Haise equa-
tions produced comparatively lower RMSE values than the other 
empirical models. This observation is consistent with the findings of 
Chen et al. (2005), who reported acceptable ETo estimates from 
Hargreaves-based formulations when temperature data are available. 
Similar conclusions have been reported in numerous studies (Wu et 
al., 2019; Chen et al., 2020; Dos Santos Farias et al., 2020; Üneş et al., 
2020; Triana-Madrid et al., 2023; Hailegnaw et al., 2024; Yetik, 2025), 
all of which consistently demonstrate the superior performance of 
ML models over the Hargreaves equation, particularly under 
extreme or data-scarce climatic conditions. Radiation-based empiri-
cal methods, including Priestley–Taylor, Makkink, and Turc, offer 
intermediate model complexity and have shown competitive perfor-
mance in some studies (Hailegnaw et al., 2024). However, in the 
present study, these methods produced the lowest R2 values and the 
highest error magnitudes among all evaluated approaches. This out-
come highlights the limited adaptability of fixed-parameter empiri-
cal formulations when applied across diverse climatic conditions 
without regional recalibration. Similar conclusions were drawn by 
Wu et al. (2019), who found that tree-based ML models, such as 
Random Forest, Gradient Boosting, and Decision Trees, consistently 
outperformed both temperature- and radiation-based empirical 
methods in local-scale applications. Overall, the superiority of 
XGBoost over all empirical formulations observed in this study 
aligns with a growing body of literature demonstrating the 

advantages of ML for ETo estimation. Previous studies have reported 
that ML approaches typically achieve coefficients of determination 
exceeding 0.95 and reduce RMSE by 10–50% compared to tradi-
tional empirical methods (Raza et al., 2020; Ferreira et al., 2021; 
Shaloo et al., 2024; Sharafi and Mohammadi Ghaleni, 2024).

Importantly, the present study advances existing knowledge by 
demonstrating that near-reference daily ETo accuracy can be achieved 
using only two or three carefully selected climatic variables, without 
reliance on the full set of FAO-56 Penman–Monteith inputs. These 
results represent a direct and practical solution for improving water-
use efficiency. Accurate ETo estimation plays a critical role in irriga-
tion scheduling, as the use of inappropriate models can lead to 
substantial over-irrigation, reported in some studies to reach up to 
54 mm per crop season (Hailegnaw et al., 2024). Consequently, the 
proposed XGBoost models based on (Rsn + Tmax) and 
(Rsn + Tmax + RH) provide reliable ETo estimates that translate into 
tangible benefits, including reduced water losses, improved crop water 
productivity, and enhanced sustainability of irrigation practices. These 
advantages are particularly crucial in water-scarce regions facing 
increasing pressures from climate change, population growth, and 
competing water demands.

5 Conclusion

This study demonstrated the strong potential of machine learning 
models for accurate daily reference evapotranspiration (ETo) estima-
tion under data-limited conditions in Eastern Morocco. Using a strict 
chronological evaluation strategy (training: 2001–2018; testing: 2019–
2025) to preserve the time-series structure and avoid information 
leakage, machine learning approaches clearly outperformed conven-
tional empirical equations, which showed weak transferability and 
poor predictive accuracy across the studied regions. Among the tested 
algorithms, XGBoost provided the most robust and operational solu-
tion, achieving near-reference performance with only three inputs 
(Rsn, Tmax, RH) (R2 = 0.976; RMSE < 0.55 mm day−1), while the two-
input configuration (Rsn + Tmax) maintained reliable accuracy 
(R2 = 0.936; RMSE ≈ 0.60 mm day−1) with minimal computational 
cost. These findings confirm that reliable ETo estimation can be 
achieved with minimal climatic information, supporting practical 
irrigation scheduling and improved water-use efficiency in arid and 
semi-arid environments. Despite these promising outcomes, several 
limitations should be acknowledged. First, model development and 
validation were based on four locations within Eastern Morocco, 
which may limit direct transferability to other climatic zones without 
further testing. Second, FAO-56 Penman–Monteith ETo was used as 
the reference target rather than lysimeter-based measurements, which 
may introduce uncertainty in absolute accuracy. Third, although the 
minimal-input design enhances operational applicability, extreme 
events and local microclimatic variability may require additional pre-
dictors to further improve robustness. Future work should therefore 
focus on expanding validation across broader agro-climatic regions, 
integrating field-measured ETo observations when available, and 
evaluating long-term robustness under climate variability. In addition, 
integrating the proposed XGBoost models into decision-support sys-
tems and IoT-enabled irrigation platforms could enable real-time ETo 
estimation and fully automated irrigation scheduling, contributing to 
sustainable agricultural production and water security in Morocco.
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