'TACHWMK Cpnickor reorpadckor gpywitsa 106(2) 65-88
BULLETIN oF THE SERBIAN GEOGRAPHICAL SOCIETY 2026

Original scientific paper UDC 004.85(65)
https://doi.org/to_be_assigned

Received: February 9, 2026

Corrected: May 14, 2026

Accepted: June 22, 2026

Khadidja Gherbi'*, Abdelhadi Ammari*, Mohamed Meddi*
* Ecole Nationale Supérieure d’Hydraulique (ENSH). LGEE laboratory. Blida, Algeria

MACHINE LEARNING ESTIMATION OF DAILY ETo IN
NORTHERN ALGERIA

Abstract: Accurate estimation of reference evapotranspiration (ETo) is essential for effi-
cient water resource management, particularly in agriculture, where precise irrigation plan-
ning is critical for sustainability. A correct estimate allows for the precise amount of water
needed for crops, preventing waste and overexploitation of resources, and improving irriga-
tion efficiency and water conservation in the long term. This study evaluates four machine
learning models such as Support Vector Regression (SVR), Random Forest (RF), Multilayer
Perceptron (MLP), and Long Short-Term Memory (LSTM) for predicting ETo. Model per-
formance was assessed against ETo values computed using the Penman—Monteith (PM) and
Hargreaves Samani (HS) equations, based on NASA POWER reanalysis data and CMIP6
climate datasets. Both data sources were validated against observed meteorological meas-
urements from three weather stations as well as Soumaa, Boukourdane and Mouzaia in
northern Algeria,where,the results demonstrate a strong correlation between predicted and
observed ETo values, with SVR and RF consistently achieving high accuracy. The Soumaa
station, using the NASA POWER-based model, yielded the best performance (R2 = 0.92,
MAE = 0.06 mm/day, RMSE = 0.08 mm/day), whereas the Boukourdane station exhibited
larger prediction discrepancies. CMIP6-based models also produced robust estimates under
varying climatic conditions. The CNRM and IPSL models showed the highest temperature
agreement at Boukourdane (r = 0.8649) and minimal ETo bias at Soumaa, while Mouzaia
exhibited the largest underestimation using IPSL (-7.3344 mm/day). While NASA POWER
data provide superior short-term accuracy, CMIP6-based approaches offer significant value
for long-term climate projections. Random Forest and MLP consistently achieved nearly
perfect agreement with observed ETo at Boukourdane and Soumaa, whereas performance
decreased at Mouzaia due to stronger local climatic variability and terrain influence. How-
ever, the findings fundamentally underscore that integrating machine learning models with
climate projections is pivotal for advancing irrigation decision-making and promoting sus-
tainable water resource management under changing climatic conditions.
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Introduction

Agriculture in the Mediterranean basin, particularly along the southern coastline, encoun-
ters significant challenges attributable to water scarcity and the inequitable distribution of
water resources, challenges that are intensified by the ramifications of climate change
(Claro et al., 2024). In the context of Algeria, these pressures manifest with particular se-
verity. Along the same lines, the IPCC's sixth assessment report highlights that alterations
in the hydrological cycle including changes in rainfall patterns and increased evapotranspi-
ration are expected to intensify water scarcity globally, with Mediterranean regions identi-
fied as particularly vulnerable areas (Meddi and Eslamian, 2021; McCarthi et al., 2025).
The FAO points out that deteriorating land, high water utilization, and growing water stress
are steering agriculture toward unsustainable directions. These developments stress the
immediate requirement for the deployment of sustainable water management frameworks
and the acceptance of climate-resilient agricultural techniques to guarantee food security
(FAO, 2021).

In Algeria, agricultural activities account for 55% of mobilized water resources. How-
ever, prevailing irrigation practices often exhibit inconsistencies and fail to adapt to con-
temporary climatic conditions, resulting in substantial resource wastage (Bouchentouf &
Benabdeli, 2021). These challenges stem primarily from inadequate monitoring infrastruc-
ture and limited access to reliable meteorological data, which impede precise determination
of crop water requirements. Consequently, enhancing the accuracy of evapotranspiration
estimates is essential for optimizing irrigation scheduling and improving overall water use
efficiency (Sun et al., 2024). The rising scarcity of water resources and the gradual deterio-
ration of groundwater quality highlight the need of precise reference evapotranspiration
(ETo) measurement, which is essential for irrigation planning and agricultural water use
optimization. A study by Seraiche et al. (2026) combined hydrochemical assessment with
spatial interpolation methods to map groundwater pollution south of Chott Hodna, high-
lighting the value of geographically based indicators for identifying vulnerable water-re-
source zones.

Recent studies conducted in Algeria have highlighted the growing importance of spa-
tially based hydroclimatic analyses for addressing water-related challenges across diverse
environmental settings. In the Algerian Sahara, Ben Ferhat and Saidou (2025) showed that
climatic drought in the Tidikelt region is closely associated with water-balance deficits, in-
creased soil salinity, and the progressive degradation of oasis agriculture. Focusing on
evapotranspiration, Bouregaa et al. (2025) analyzed climatic trends and reference evapo-
transpiration (ETo) patterns across major cereal-growing areas using AgERA5 data and
machine-learning techniques, revealing pronounced spatial differences in ETo responses
to changing climatic conditions. Similarly, Saci et al. (2025) assessed the performance of
several models for monthly ETo estimation in the Kebir-West watershed and demonstrated
the potential of data-driven methods to improve evapotranspiration predictions where me-
teorological observations are limited. Collectively, these findings emphasize the need for
locally adapted and spatially explicit approaches to support water-resource assessment and
management in Algeria, particularly in regions affected by data scarcity and increasing hy-
droclimatic pressures.

The term reference evapotranspiration (ETo) refers to the rate of water transfer from
a hypothetical reference crop and is vital for effective irrigation planning and hydrological
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assessments. The FAO-56 Penman—Monteith (PM) equation is considered the authorita-
tive method for assessing ETo due to its robust physical framework and accuracy (Allen et
al., 2001). However, employing the PM equation requires a variety of meteorological data,
including solar radiation, air temperature, humidity, and wind velocity, which are challeng-
ing to obtain in areas identified for data insufficiency (Aly et al., 2023).

In response to the limitations of data availability, alternative methodologies have been
devised. The Hargreaves—Samani (HS) model offers a basic technique that hinges entirely
on temperature measurements, thus proving beneficial for locales with restricted meteoro-
logical information (Dohler et al., 2020). Moreover, remote sensing and reanalysis da-
tasets, such as NASA POWER, furnish spatially continuous meteorological data that can
facilitate ETo estimation in gauged areas (Rodrigues & Braga, 2021). Additionally, climate
model outputs derived from the Coupled Model Intercomparison Project Phase 6 (CMIP6)
provide invaluable projections for evaluating future water availability across diverse cli-
mate scenarios (Al-Hasani et al., 2023).

In contemporary scholarly discourse, machine learning (ML) methodologies have
emerged as powerful instruments for the prediction of reference evapotranspiration (ETo),
providing both adaptability and high precision without requiring explicit physical interde-
pendencies (Sharafi & Ghaleni, 2024).Numerous algorithms, such us Support Vector Re-
gression (SVR), Random Forest (RF), Multilayer Perceptron (MLP), and Long Short-Term
Memory (LSTM) networks, have revealed impressive capabilities in uncovering intricate
nonlinear links between atmospheric parameters and ETo (Elbeltagi et al., 2020; Roy et al.,
2022; Pereira et al., 2020). These models can be trained on historical datasets and subse-
quently used to forecast ETo across a spectrum of climatic conditions, making them espe-
cially advantageous for locales characterized by climatic heterogeneity. The selection of
multiple machine learning models was motivated by their complementary strengths, which
enable the modeling of both static nonlinear relationships and temporal dependencies. No-
tably, Support Vector Regression and Random Forest have demonstrated superior perfor-
mance in capturing nonlinear and static relationships for ET, estimation (Kumar, 2023),
while MLP and LSTM are particularly effective in modeling complex patterns and long-
term temporal dynamics in climate time series (Roy et al., 2022). Recent studies also high-
light that combining different ML paradigms improves the robustness and accuracy of ETo
estimation under diverse climatic conditions (Farag, 2025). Thus, our present approach
constitutes a comparative and evaluative framework which aim to demonstrate the
strengths and limitations of each methodology.

This strategy holds particular relevance, given the scarcity of prior research that has
concurrently highlighted multiple models utilizing both reanalysis datasets and climate
projections tailored to northern Algeria.

This geographic region is distinguished by a Mediterranean climate that exhibits con-
siderable spatial and temporal heterogeneity in precipitation and temperature, thereby ren-
dering precise ETo estimation particularly formidable (Achite et al., 2021).

The objective of this investigation is to address this deficit by scrutinizing the perfor-
mance of four ML models (SVR, RF, MLP, and LSTM) in the prediction of daily ETo in north-
ern Algeria. The models will be trained and validated using ETo values obtained from the
Penman-Monteith (PM) and Hargreaves-Samani (HS) equations, based on NASA POWER
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reanalysis data and the Coupled Model Intercomparison Project Phase 6 (CMIP6) climate da-
tasets. The specific aims are to: (1) evaluate the accuracy of NASA POWER and CMIP6 data
in replicating observed meteorological variables; (2) compare the predictive performance of
various ML models in estimating ETo; and (3) assess the appropriateness of these methodol-
ogies for short-term irrigation planning and long-term climate adaptation frameworks. Our
regions are facing increasing water scarcity, driven both by a decline in atmospheric inputs
since the mid-1970s and by the continuously growing water demand. This demand is partic-
ularly pronounced for domestic water supply and, more importantly, for irrigation, which ac-
counts for more than half of the available water resources (Mezouane et al., 2025).

The original contribution of this paper can be considered as a primary investigation
concerning the re-examination of local-scale meteorology using NASA POWER and CMIP6
data, a machine learning framework for ETo construction that compares several models
including MLP, RF, LSTM, and SVR to reflecting low-dimensional functional relations be-
tween input features (e.g., temperature parameter values); combining data-driven and em-
pirical temperature-based approaches within a single framework; and directly relating
model performance to irrigation planning and climate change adaptation in semi-arid Med-
iterranean conditions.

Material and Methods
Study Area

The study zone chosen is the Mitidja Plain, located in northern Algeria (Figure 1). This re-
gion is one of the most important agricultural plains in Algeria, characterized by intensive
cultivation of cereals, vegetables, and fruit trees especially citrus. It covers an area of 1,450
km? spanning 100 km in length, with a width varying from 8 to 18 km. The climate is Med-
iterranean, characterized by hot, dry summers and mild, wet winters. Mean annual precip-
itation ranges from 600 to 800 mm, with most rainfall occurring between October and
April. Mean annual temperature varies from 15°C to 18°C, with summer temperatures fre-
quently exceeding 30°C. The Mitidja plain features a Mediterranean climate (Csa), con-
sistent with the Képpen Csa classification (Bellout et al., 2020). We focused in the present
study on the west part of the Mitidja plain which remain a large agricultural area, more
than the east part more urbanized (Figure. 1).
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Fig. 1. Geographical location of the Mitidja Plain, northwest Algeria
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Three meteorological sites were selected for this study: Boukourdane (west part), Mou-
zaia (central part), and Soumaa (east part of the considered study zone). These sites are
operated by the National Water resources Agency ANRH and provide daily records of tem-
perature, precipitation, humidity, wind speed, and solar radiation. The sites were chosen to
represent different microclimatic conditions within the Mitidja Plain, with Mouzaia located
at a higher elevation and experiencing greater climatic variability compared to Bou-
kourdane and Soumaa. The Mitidja Plain has a limited number of meteorological stations
due to insufficient ground-based observational networks in the region. Three stations had
continuous and reliable records for long periods of time. To mitigate this constraint, the
present study employs the longest continuous meteorological sites records, reinforced by
validated gridded datasets, to ensure spatial consistency.



The three meteorological stations selected for this study were chosen primarily based
on the quality of their available data. They have sufficiently continuous, complete, and re-
liable daily records to allow for the calculation of reference evapotranspiration. Although
the number of stations remains limited, the Mitidja Plain, within the study area, exhibits
relatively homogeneous climatic conditions, typical of a Mediterranean context. Altitude
differences are small, and precipitation does not show significant spatial contrasts. For this
reason, the selected stations can be considered representative of the general climatic con-
ditions of the plain.

This methodological choice is consistent with previous work that favors the use of re-
liable and controlled observed time series, particularly when local meteorological networks
are sparse (Allen et al., 1998; Ferreira et al., 2019; Granata, 2019). To mitigate the impact
of this constraint and improve the spatial and temporal coverage of the analysis, the data
measured at the stations were supplemented with NASA POWER reanalysis data and
CMIP6 climate outputs. These datasets provide continuous meteorological information in
space and time and are now widely used in hydroclimatic studies and in work on estimating
ETo (Eyring et al., 2016; Rodrigues & Braga, 2021).

Data Sources
Observed Meteorological Data

Daily meteorological data for the period in Table 1 — were obtained from the three ANRH
stations. The variables included maximum temperature (Tm.), minimum temperature
(Twin), mean temperature (Tmean), relative humidity (RH), wind speed at 2 m height (u2), and
solar radiation (Rs). Data quality control was performed to identify and remove outliers
and missing values. Gaps in the data were filled using linear interpolation for short periods
(=3 days) or excluded from the analysis for longer gaps.

Table 1. Characteristics of the meteorological stations and data sources used in this study

Station Latitude Longi- Eleva- Data Sources Periods
(°N) tude (°E) tion
(m)
Mouzaia 36.467 2.689 94 ANRH, NASA ANRH: [1988—2008]; NASA
POWER, POWER: 1981-2020;
CMIP6 CMIP6: 2021-2100
Soumaa 36.5184 2.9084 177 ANRH, NASA ANRH: [1991—2010]; NASA
POWER, POWER: 1981-2020;
CMIP6 CMIP6: 2021-2100
Bou- 36.5395 2.3080 110 ANRH, NASA ANRH: [2001-2012]; NASA
kourdane POWER, POWER: 1981-2020;
CMIP6 CMIP6: 2021-2100

In the present study, the length of the available time series was constrained by the in-
herent challenges of data availability and the continuity of reliable meteorological observa-
tions in the west part of Mitidja Plain. In North Africa, long-term homogeneous datasets
are frequently limited by discontinuities in sites records, changes in instrumentation, and
an important historical measurement gap (Ba-ichou et al., 2024b; Mustapha et al., 2025).
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The main challenge for this study is to address these limitations, by developing a robust
machine learning framework able to estimate accurately reference evapotranspiration even
under conditions of limited ground-based data (Ba-ichou et al., 2024a; Shafizadeh-
Moghadam et al., 2023). This is achieved by increasing local station records with gridded
NASA POWER meteorological data to ensure spatial and temporal consistency (Mustapha
et al., 2025). Furthermore, by integrating CMIP6 climate model projections, the proposed
approach extends beyond historical analysis to provide reliable ETo forecasting for future
climate scenarios (Mokhtar et al., 2024). This methodology not only mitigates the chal-
lenges posed by sparse field observational networks but also provides a more comprehen-
sive and resilient framework for hydrological modeling and agricultural water management
in data-scarce regions (Hendy et al., 2023; Mustapha et al., 2025).

NASA POWER Reanalysis Data

NASA POWER (Prediction of Worldwide Energy Resources) provides global meteorologi-
cal data derived from satellite observations and atmospheric reanalysis models (NASA,
2023). Daily data for the same variables and period were extracted for the coordinates of
the three stations using the NASA POWER API. The spatial resolution of NASA POWER
data is 0.5° x 0.625°, which corresponds to approximately 50 km at the study latitude.

CMIP6 Climate Model Data

Climate projections were obtained from three CMIP6 models: CNRM-CM6-1, IPSL-CM6A-
LR, and MPI-ESM1-2-HR. These models were selected based on their performance in sim-
ulating Mediterranean climate and their availability in the CMIP6 archive (Daher &
Kirtman, 2025). Daily data for temperature, precipitation, humidity, wind speed, and solar
radiation were extracted for the historical period and future scenarios (2015—2100) under
the SSP2-4.5 and SSP5-8.5 pathways.

While historical climate studies typically require multi-decadal datasets to capture long-
term variability, the present research deliberately utilizes a more focused temporal period to
address a critical challenge in modern hydrology: the development of high-accuracy models
in data-constrained regions (Amani et al., 2024). In many areas, including the Mitidja Plain,
while long-term records may exist, they often suffer from significant discontinuities, changes
in sensor technology, or missing variables required for the standard FAO-56 Penman-Mon-
teith equation (Ba-ichou et al., 2024b; Shafizadeh-Moghadam et al., 2023).

Therefore, the objective is not to provide a century-long historical reconstruction, but
rather to demonstrate a transferable methodology that enables precise ET, estimation and
forecasting even when researchers are restricted to limited ground-based observations (Ba-
ichou et al., 2024b, 2024a). This approach emphasizes the utility of combining diverse data
sources, such as reanalysis products and global climate model outputs, to overcome obser-
vational limitations and enhance predictive capabilities for hydrological modeling (Bjarke
et al., 2023; Hamouda et al., 2021).

It is important to note that the quantile mapping method was used to correct system-
atic biases in the datasets. Quantile mapping, which aligns the cumulative distribution
functions of the simulated variables with those generated from meteorological data ob-
served during the calibration period, was also used to correct biases in the CMIP6 and
NASA POWER variables. This correction was applied independently for each station and
each climate variable before the ETo calculation, thus minimizing systematic biases in the
model while preserving the relative temporal dynamics of future climate projections.
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Model Training and Validation

The categorization of data sets included three parts: training (70%), validation (15%), and
testing (15%). The training subset used for model fitting, the validation subset was engaged
in hyperparameter tuning, and the testing subset was allocated for a full performance re-
view. The inputs compound daily meteorological variables (Tumax, Tmin, RH, U2, Rs), while
the dependent variable is ETo, which was derived from the Penman-Monteith equation.

Data preprocessing necessitated the alteration of the input features to establish a zero
mean while ensuring the variance equals one. In the field of Long Short-Term Memory
(LSTM) systems, batches of successive days were artfully engineered to uncover temporal
connections. Hyperparameter optimization was conducted utilizing a 5-fold cross-valida-
tion methodology applied to the training subset.

Reference Evapotranspiration Calculation
Penman—Monteith Equation

The FAO-56 Penman—Monteith equation was used to calculate daily ETo (ThemeSfl et al.,
2012):

0.408A(Rs—G)+y 900 Uz(es—eq)

_ Tmean+273
ET, = A+y(1+0.34U @)
Y (1+0.34U3)

where ETo is reference evapotranspiration (mm/day), R. is net radiation
(MJ/m2/day), G is soil heat flux (MJ/m2/day), T is mean air temperature (°C), u2 is wind
speed at 2 m height (m/s), e; is saturation vapor pressure (kPa), e, is actual vapor pressure
(kPa), A is the slope of the vapor pressure curve (kPa/°C), and vy is the psychrometric con-
stant (kPa/°C).

Standardized evapotranspiration equation by ASCE-EWRI

For standardized PM- ET, estimation, the site characteristics such as latitude and elevation
must be input, along with daily weather data (Snyder & Eching, 2002). Dew point temper-
atures are calculated using:
100-Rp,
Tq = Tinean — 5 )
Where Rh is relative humidity (%).

Hargreaves—Samani Equation

The Hargreaves—Samani equation provides a simplified alternative requiring only temper-
ature data (Hargreaves & Samani, 1985):

ETO—HS: 0,0023(Tmoyenne + 17,8) (Tmax - Tmin)o’5 Ra (3)

where R, is extraterrestrial radiation (mm/day), calculated based on latitude and day of
year.
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Machine Learning Models
Four machine learning models were implemented and evaluated for ETo prediction:

Support Vector Regression (SVR)

SVR is a kernel-based method that maps input data into a high-dimensional feature space
where linear regression is performed (Smola & Scholkopf, 2004). The radial basis function
(RBF) kernel was used, with hyperparameters (C, y, €) optimized through grid search and

cross-validation.

Feature
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Fig. 2. General Structure of SVR

RF is an ensemble learning method that constructs multiple decision trees during training
and outputs the mean prediction (Breiman, 2001). The number of trees (n_estimators),
maximum depth (max_depth), and minimum samples per leaf (min_samples_leaf) were
optimized using cross-validation.
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Fig. 3. Random Forest Structure
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Multilayer Perceptron (MLP)

MLP is a feedforward artificial neural network consisting of multiple layers of neurons with
nonlinear activation functions (Goodfellow et al., 2016). The network architecture included
one or two hidden layers with varying numbers of neurons. The Adam optimizer was used
for training, with learning rate and regularization parameters tuned through cross-valida-

tion.
Summation Layer
(Numerator)
Input Layer Panern Layer nulpnt Layer
(Tmax, Tmin, Td, Rs u2 -aining Samples)

o

Summation Layer
(Denominator)

Fig. 4. Structure of a general regression neural network
Long Short-Term Memory (LSTM)

LSTM is a recurrent neural network architecture designed to capture long-term dependen-
cies in sequential data (Hochreiter & Schmidhuber, 1997). The model was configured with
one or two LSTM layers followed by dense layers. Input sequences of varying lengths (7, 14,
and 30 days) were tested to determine the optimal temporal window.

Performance Metrics
Model performance was evaluated using the following metrics:

Coefficient of determination (R2): Measures the proportion of variance in observed
ETo explained by the model. It is determined as follows:

™ (ETOyps ;—ETO )?
RZ =1- i n1 obs,i pred,i )
i=1(ET00bs,i_ET0pred)
Mean Absolute Error (MAE): Average absolute difference between predicted and ob-
served values (mm/day). Which is provided by:

Z?=1|ETcal_ETest|

MAE = (5)

n
Root Mean Square Error (RMSE): Square root of the average squared differences
(mm/day). Is given by Equation:

RMSE = |57, (FTows = ETea)? ©



Bias: Mean difference between predicted and observed values (mm/day). Calculated
as follows:

. 1
Bias = n ?:1(ETcal - ETeSt) )

Pearson correlation coefficient (r): Measures the linear relationship between predicted
and observed values.The formula for r is:
nxy)-Xx) X)

r = 8
[nYx2-Yx2][nY y%2-Y y?] (8)

Results

As forementioned, the challenge of limited observed data often necessitates the explo-
ration of advanced computational techniques to accurately estimate reference evapo-
transpiration (ETo), particularly in regions like Northern Algeria where comprehensive
meteorological stations may be sparse (Amani et al., 2024). The use of Nasa Power and
CMIP6 data offers a robust methodology to overcome these data deficiencies by provid-
ing reliable meteorological inputs for such estimations. The following results prove that
these machine learning models, meticulously trained and validated, exhibit significant
predictive capabilities for ETo in this context.

Validation of NASA POWER and CMIP6 Data

The accuracy of NASA POWER and CMIP6 data in reproducing observed meteorological var-
iables was assessed using correlation analysis and bias statistics. NASA POWER data showed
strong agreement with observed temperature (r > 0.95) and solar radiation (r > 0.85) at all
three stations. However, wind speed exhibited lower correlations (r = 0.60—-0.75), likely due
to the coarse spatial resolution of reanalysis data and local topographic effects.

CMIP6 models, after bias correction, demonstrated reasonable performance in simu-
lating temperature patterns. The CNRM and IPSL models achieved the highest temperature
correlations at Boukourdane (r = 0.8649), while MPI-ESM1-2-HR performed better at
Mouzaia. However, all CMIP6 models showed larger biases compared to NASA POWER
data, particularly for humidity variables. A range of statistical plots are presented in Figures
5 and 6 to visualize station data.
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Fig. 5. Pearson correlation between ETo estimates and NASA POWER climatic variables at the
three stations

The following figure illustrates a distribution of Pearson Correlation Coefficients
Across Stations.
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Fig. 6. ETo PM and ETo HS distribution by CMIP6 models-across station
Performance of Machine Learning Models with NASA POWER Data

Table 2 summarizes the performance of the four ML models in predicting ETo using NASA
POWER data. Overall, SVR and RF achieved the highest accuracy across all three sites. For
Soumaa, SVR produced the best results (R2 = 0.92, MAE = 0.06 mm/day, RMSE = 0.08
mm/day), indicating excellent predictive ability. RF performed similarly, with R2 values
exceeding 0.90 at Soumaa and Boukourdane.

MLP, also demonstrated strong performance, particularly for Soumaa (R2 = 0.89,
MAE = 0.08 mm/day). However, MLP was more sensitive to the hyperparameter settings
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and required careful tuning and calibrating to avoid overfitting. LSTM models showed com-
petitive performance but did not consistently outperform simpler models like SVR and RF.
The optimal sequence length for LSTM was found to be 14 days, balancing the trade-off
between capturing temporal dependencies and model complexity.

For Boukourdane, all models exhibited larger prediction errors compared to Soumaa,
with R2 values ranging from 0.82 to 0.88. This may be attributed to greater local climatic
variability or data quality issues at this station. Mouzaia showed intermediate performance,
with R2 values between 0.85 and 0.90.

Table 2. Performance of machine learning models using NASA POWER data

Station Model | R2 MAE (mm/day) | RMSE (mm/day) | Bias (mm/day)
Soumaa SVR 0.92 0.06 0.08 0.01
Soumaa RF 0.91 0.07 0.09 0.02
Soumaa MLP 0.89 0.08 0.10 0.03
Soumaa LSTM | 0.88 0.09 0.11 0.02
Boukourdane | SVR 0.88 0.10 0.13 0.04
Boukourdane | RF 0.87 0.11 0.14 0.05
Boukourdane | MLP 0.85 0.12 0.15 0.06
Boukourdane | LSTM | 0.82 0.13 0.16 0.05
Mouzaia SVR 0.90 0.08 0.10 0.02
Mouzaia RF 0.89 0.09 0.11 0.03
Mouzaia MLP 0.87 0.10 0.12 0.04
Mouzaia LSTM | 0.85 0.11 0.13 0.03

The figure Fig. 7 illustrates the performance comparison of machine learning models
(RF, SVR, MLP, and LSTM) using NASA POWER data across three stations.
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Performance of Machine Learning Models with CMIP6 Data

Table 3 presents the performance of ML models using CMIP6 data. Despite the larger bi-
ases in raw CMIP6 data, the ML models achieved robust ETo predictions after bias correc-
tion. RF and MLP consistently achieved nearly perfect agreement with observed ETo at
Boukourdane and Soumaa (MAE = 0.006 mm/day; R2 =0.99), demonstrating the effec-
tiveness of bias correction and ML modeling.

However, performance decreased at Mouzaia, where all models exhibited larger errors
(MAE = 0.15—-0.25 mm/day, R2 = 0.75—0.85). This degradation is likely due to stronger
local climatic variability and terrain influence at this higher-elevation station, which are not
fully captured by the coarse-resolution CMIP6 models.

Among the CMIP6 models, CNRM and IPSL showed minimal ETo bias at Soumaa,
while IPSL exhibited the largest underestimation at Mouzaia (-7.3344 mm/day). These re-
sults highlight the importance of station-specific bias correction and the need for caution
when applying CMIP6-based ETo estimates in topographically complex regions.

Table 3. Performance of machine learning models using CMIP6 data

Station Model | CMIP6 R2 MAE RMSE Bias
Model (mm/day) (mm/day) (mm/day)
Soumaa RF CNRM 0.99 0.006 0.008 0.001
Soumaa MLP CNRM 0.99 0.006 0.008 0.001
Soumaa SVR IPSL 0.98 0.010 0.012 0.002
Bou- RF CNRM 0.99 0.006 0.008 0.001
kourdane
Bou- MLP CNRM 0.99 0.006 0.008 0.001
kourdane
Bou- SVR IPSL 0.97 0.012 0.015 0.003
kourdane
Mouzaia RF CNRM 0.85 0.15 0.20 -0.10
Mouzaia MLP IPSL 0.80 0.20 0.25 -7.33
Mouzaia SVR MPI 0.82 0.18 0.23 -0.15

The following figure Fig .8 represents a radar chart of the performance comparison of
machine learning models (RF, SVR, MLP, and LSTM) using NASA POWER data across
three stations.

Fig. 8. Radar chart illustrating the comparative performance of the four CMIP6 ma-
chine learning models (RF, SVR, MLP, and LSTM) in estimating reference evapotranspira-
tion (ET0) across Boukourdane, Soumaa, and Mouzaia stations.

Comparison of PM and HS Equations

The Hargreaves—Samani equation, which requires only temperature data, was also evalu-
ated as a baseline for comparison. HS-derived ETo values showed moderate agreement with
PM-derived values (r = 0.75-0.85), but with systematic overestimation during summer
months (bias = 0.5—-1.0 mm/day). This overestimation is consistent with previous studies
and reflects the simplified nature of the HS equation, which does not account for humidity,
wind speed, or solar radiation variations (Snyder & Eching, 2002).

When ML models were trained on HS-derived ETo instead of PM-derived values, pre-
diction accuracy decreased by 10—15% across all stations. This suggests that the PM equa-
tion provides a more reliable reference for training ML models, particularly in regions with
significant variability in meteorological conditions.
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Feature Importance Analysis

Feature importance analysis using RF revealed that solar radiation and temperature were
the most influential variables for ETo prediction, accounting for 60—70% of the total im-
portance. Relative humidity contributed 15—20%, while wind speed had the lowest im-
portance (10-15%). This ranking is consistent with the physical basis of evapotranspiration,
where energy availability (solar radiation) and vapor pressure deficit (temperature and hu-
midity) are the primary drivers.

Interestingly, the importance of wind speed increased at Mouzaia compared to the
other stations, likely reflecting the greater influence of advective processes at this higher-
elevation site.

Discussion

Accuracy of NASA POWER and CMIP6 Data

The strong performance of NASA POWER data in reproducing observed meteorological
variables confirms its suitability for ETo estimation in data-scarce regions. The high corre-
lations for temperature and solar radiation are consistent with previous validation studies
in Mediterranean climates (Rodrigues & Braga, 2021; Almorox et al., 2018). However, the
lower accuracy for wind speed highlights a limitation of reanalysis data, which may not fully
capture local wind patterns influenced by topography and surface roughness.

CMIP6 models, despite their coarser resolution and larger raw biases, provided valuable
projections for long-term climate scenarios. The effectiveness of bias correction in improving
ETo estimates underscores the importance of this preprocessing step when using climate
model outputs for hydrological applications (ThemeBl et al., 2012). However, the persistent
errors at Mouzaia suggest that additional downscaling techniques, such as statistical or dy-
namical downscaling, may be necessary for complex terrain (Elbeltagi et al., 2020).

Performance of Machine Learning Models

The superior performance of SVR and RF models aligns with findings from previous stud-
ies on ETo prediction (Yassin et al., 2016; Achite et al., 2022). These models are well-
suited for capturing nonlinear relationships between meteorological variables and ETo
without requiring explicit physical equations. RF, in particular, offers the advantage of
providing feature importance rankings, which can inform variable selection and improve
model interpretability.

MLP models demonstrated competitive performance but required more extensive hy-
perparameter tuning and were more prone to overfitting, especially with limited training
data. The use of regularization techniques (dropout, L2 penalty) and early stopping helped
mitigate these issues but added complexity to the modeling workflow.

LSTM models, despite their theoretical advantage in capturing temporal dependen-
cies, did not consistently outperform simpler models. This may be because daily ETo is pri-
marily driven by same-day meteorological conditions, with limited influence from previous
days under the Mediterranean climate of the study region. LSTM models may be more ben-
eficial in regions with stronger temporal autocorrelation in ETo or for longer-term forecast-
ing applications (Eyring et al., 2016).
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Implications for Irrigation Management

The high accuracy of ML models using NASA POWER data (MAE < 0.10 mm/day at
most stations) suggests that these approaches can support near-real-time irrigation
scheduling without requiring dense networks of meteorological stations. This is partic-
ularly valuable in Algeria, where monitoring infrastructure is limited and unevenly dis-
tributed (Ferreira et al., 2019).

For short term irrigation planning can benefit from the high spatial and temporal res-
olution of reanalysis datasets such as NASA POWER, which have been shown to reliably
estimate key meteorological variables crucial for irrigation scheduling (Tan et al., 2023).
For long term planning and climate adaptation, climate models from the Coupled Model
Intercomparison Project Phase 6 (CMIP6) provide robust projections of future climatic
conditions under different emission scenarios (Thrasher et al., 2022). The integration of
both approaches can support multi-scale decision-making, from daily irrigation scheduling
to strategic planning of water infrastructure and crop selection.

Reference Evapotranspiration (ETo) Model Formulations Across Stations

The model formulations for predicting ETo across Mouzaia, Soumaa, and Boukourdane sta-
tions based on NASA POWER and CMIP6 are summarized in Table 4 The models contain
LSTM approximations produced from machine learning as well as linear and polynomial
temperature-based equations. Model correctness is revealed by performance indicators like
Mean Absolute Error (MAE) and Root Mean Square Error (RMSE).

Table 4. ETo Formulations and Model Performance Across Stations

Station Model Type Formula

Mouzaia (CMIP6) Linear ETo = 2.4664 * Temperature + 0.1922

Soumaa (CMIP6) LSTM Approxima- | ETo_LSTM = 0.3730 + 0.1188 * Temperature

tion + 0.0048 * Temperature?

Boukourdane (CMIP6) LSTM-Based ETo = 0.4521 * Temperature + 1.2378

Soumaa (NASA POWER) Empirical ETo = 0.0158 * NASATmax - 0.0025 * NA-
SATmin + 0.0363

Mouzaia (NASA POWER) | Empirical ETo = 0.0140 * NASATmax + 0.0030 * NA-
SATmin + 0.1808

Boukourdane (NASA | Empirical ETo = 0.0103 * NASATmax + 0.0215 * NA-

POWER) SATmin + 0.0824

While Soumaa's LSTM approximation incorporates non-linear temperature effects,
improving accuracy in capturing complex evapotranspiration dynamics, Mouzaia's CMIP6
equation establishes a direct linear connection between temperature and ETo, demonstrat-
ing its strong sensitivity to temperature fluctuations. By adding temperature extremes (Tmax
and Tmin), NASA POWER models improve ET, estimates. Soumaa's formulation has the
lowest MAE (0.1332 mm/day), indicating great predictive dependability. Boukourdane's
NASA POWER equation, on the other hand, displays a higher MAE (0.3014 mm/day), sug-
gesting larger departures from reported ET, values. These results highlight the need for
model selection based on location-specific environmental impacts by showing how diverse
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modeling tactics, from empirical equations to machine learning techniques, depict evapo-
transpiration patterns across distinct climatic circumstances.

We can notice that the high performance of SVR and RF models in this study, particularly
at the Soumaa station (R2= 0.92), aligns with the wide consensus that these algorithms are
exceptionally robust for capturing nonlinear dependencies in semi-arid climates (Achite et al.,
2021; Amani et al., 2024). In Algeria, the present results are similar to those of Achite et al.
In the Lower Cheliff plain of Algeria, where data-driven models like FFNN and SVM provided
highly acceptable ET, estimations despite data limitations (Achite et al., 2021). Regionally, in
the Mediterranean context, for example in Morocco, Ba-ichou et al. found similar R2 ranges
(0.875 to 0.984) when using combinations of solar radiation and temperature, thereby rein-
forcing the reliability of these inputs for hydrological modeling in North Africa (Ba-ichou et
al., 2024a). Worldwide, the predictive accuracy observed in northern Algeria is comparable
to findings in other semi-arid and arid regions. For instance:

In Turkey: Studies in the Central Anatolian Region found that LSTM and ANN models
achieved R2 values between 0.987 and 0.999 (Sabanci et al., 2023). While our NASA
POWER-based R2 (0.92) is slightly lower, our nearly perfect CMIP6-based results (R2
=0.99) after bias correction mirror these high-performance trends (Sabanci et al., 2023).

In China and Iran: Research has shown that tree-based ensemble methods, such as
Random Forest, often outperform traditional ANN models in varying climatic conditions,
often reaching R2 values above 0.95 (Amani et al., 2024; Wu et al., 2019). This supports
our finding that RF consistently provided high-accuracy results across different stations.

However, the performance degradation observed at the Mouzaia station (R2= 0.85) due
to its higher elevation and local terrain complexity is a phenomenon also noted in recent lit-
erature. Farag observed that model effectiveness can decrease as the complexity of the input
features and local geographic heterogeneity increases (Farag, 2025). Similarly, Mustapha et
al. highlighted that gridded datasets, like AgERA5 or NASA POWER, often require station-
specific bias correction to account for underestimations in complex regions (Mustapha et al.,
2025). Our results further confirm that while machine learning can bridge data gaps, local
topographic variables remain a significant challenge for global reanalysis products and
coarse-resolution climate models (Daher & Kirtman, 2025; Mustapha et al., 2025).

These results demonstrate the model's good ability to reproduce daily evapotranspira-
tion (ETo) variations under the climatic conditions of the Mitidja plain. They fall within a
range comparable to that reported in some similar Mediterranean contexts. For example,
(Rodrigues & Braga ,2021), in southern Portugal under a hot Mediterranean climate,
showed that NASA POWER data allowed for satisfactory estimation of ETo, with R2 values
generally greater than 0.70, but with sometimes higher errors depending on the estimation
method and the level of correction applied. This difference may be related to the greater
spatial diversity of the 14 Portuguese stations and the extent of the study area, whereas the
area analyzed in the Mitidja plain exhibits more pronounced agro-climatic homogeneity.

The results are also similar to those recently reported in Morocco. In the irrigated areas
of Gharb and Loukkos, characterized by sub-humid and semi-arid Mediterranean condi-
tions, Acharki et al. (2025) showed that machine learning models and hybrid approaches
could achieve high performance, with R2 values between 0.585 and 0.979 and RMSE values
ranging from 0.015 to 0.108 mm/day during the testing phase, depending on the models

81



and variable combinations used (Acharki et al.,2025). These results confirm that consider-
ing temperature, solar radiation, relative humidity, and wind significantly improve ETo es-
timation. This finding aligns with the results of the present study, where thermal and radi-
ative variables appear to be the main explanatory factors for the performance obtained.

Similar findings have been reported in eastern Morocco, where models such as SVR,
RF, and XGBoost have demonstrated their value in estimating evapotranspiration (ETo) in
arid and semi-arid agricultural systems, particularly when local meteorological observa-
tions are limited and must be supplemented by data from stations, sensors, or products like
NASA POWER. This methodological convergence supports the approach adopted in the
Mitidja Plain, where reanalysis data can complement a relatively sparse ground-based ob-
servation network. However, the observed discrepancies between stations, especially the
less favorable performance at Mouzaia, show that local factors remain crucial. The quality
of the observed time series and the spatial resolution of the gridded data can significantly
influence the accuracy of the estimates.

The results obtained with CMIP6 data, however, should be discussed with greater cau-
tion. Recent Mediterranean studies, particularly in Sicily, show that climate projections
combined with machine learning models can be useful for analyzing future evapotranspi-
ration (ETo) trends, but they remain subject to significant uncertainties related to climate
scenarios, model spatial resolution, and bias correction methods. Di Nunno and Granata
(2023) reported R2 values between 0.93 and 0.98 for Sicily using an approach combining
MLP and M5P, while also highlighting a more pronounced future increase in ETo in inland
areas than in coastal areas (Di Nunno & Granata ,2023). For their part, Nouri and Veysi
(2024) showed that Random Forest could give good results for projecting the evolution of
ETo from a CMIP6 set, but they also emphasize the importance of taking into account cli-
mate uncertainty and model validation (Nouri & Veysi ,2024).

In this context, the very high values obtained in our study with certain CMIP6 models,
particularly R2 values close to 0.99, should be interpreted with caution. They require a
more detailed explanation of the validation protocol, the bias correction applied, and the
actual independence between the data used for training and those used for testing.

The results obtained for the Mitidja Plain are, on the whole, consistent with work car-
ried out in other Mediterranean and Maghreb regions, where ETo estimation increasingly
relies on limited meteorological data, reanalysis products, and machine learning models.
In our study, the best performance was obtained with NASA POWER data, particularly at
the Soumaa station with the SVR model, which has an R2 of 0.92, an MAE of 0.06 mm/day,
and an RMSE of 0.08 mm /day.

These findings underscore the important role of accurate estimation and forecasting of
reference evapotranspiration (ETo) in optimizing irrigation practices and advancing sus-
tainable water management. Water stress substantially is the main cause of agricultural
yields decrease and so, food scarcity. Precise ETo, assessments make easier the evaluation
of irrigation needs, curtail water wastage, and mitigate the adverse effects of water stress
on crop growth and productivity, thereby enhancing agricultural output and supporting
food security.

82



Conclusion

The present research work investigated the efficacy of distinct machine learning algorithms
widely used; Support Vector Regression, Random Forest, Long Short-Term Memory, in
forecasting daily reference evapotranspiration (ETo) in northern Algeria with limited ob-
served data, utilizing NASA POWER reanalysis data alongside bias-corrected CMIP6 cli-
mate projections. NASA POWER data provided good meteorological parameters, particu-
larly for temperature and solar radiation, enabling robust ET, estimations despite the main
limitation which is the wind speed accuracy. SVR and RF models excelled across most sites
investigated, with RF reaching R = 0.92 for Soumaa meteorological site, outperforming
LSTM and others due to their well-known ability to capture nonlinear dependencies in
semi-arid climates, CMIP6-based models delivered acceptable estimates at Boukourdane
and Soumaa sites post-bias correction but showed discrepancies at the higher-elevation in
the case of Mouzaia site (R2 = 0.85), which is due to topographic complexity and local
variability, aligning with literature on model degradation in heterogeneous terrains fore-
mentioned. These results confirm NASA POWER's suitability for short-term irrigation
planning and CMIP6's value for long-term adaptation strategies.

The integration of machine learning with reanalysis and projection data can offer a
powerful and strong framework for irrigation optimization and sustainable water manage-
ment taking into consideration the climate change, enhancing crop water demand assess-
ments and reducing wastage in data-scarce regions.

As a limitation, this study relied on three stations, potentially limiting generalizability
of the results to broader zones; gridded data like NASA POWER may underestimate in some
complex topographies without further bias correction. Additionally, the models were not
evaluated under extreme future climate scenarios or with supplementary variables such as
soil moisture.

Finally, we recommend for future investigations to expand the study to more Algerian
meteorological sites and validate across other Mediterranean basins; incorporate hybrid
ensembles (e.g., RF-XGBoost) and multi-model CMIP6 ensembles for enhanced robust-
ness. Use real-time satellite data (e.g., Sentinel) for dynamic forecasting; and assess eco-
nomic impacts on irrigation efficiency. Further research can also explore the use of ad-
vanced deep learning architectures, such as convolutional neural networks, to capture com-
plex spatio-temporal dependencies, potentially resulting in better predictive performance.
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