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Abstract

Reference evapotranspiration (ET0) is a critical parameter for water resource management
and irrigation scheduling. Accurate estimation of ET0 has challenged scientists over the
years due to its high sensitivity to climatic variations. Classical methods for estimating
ET0 mainly rely on empirical models with a significant number of parameters, which
has hampered their use in many cases. Regarding its importance and strong relationship
with global food security, this topic has attracted the attention of many researchers. The
development of simple models with a low number of parameters or taking advantage of
artificial intelligence algorithms has been the aim of different researchers, as it is in this
paper, where two approaches are implemented to estimate reference evapotranspiration.
The first one is based on the use of classical system identification models, namely linear and
nonlinear AutoRegressive models with eXogenous variables (ARX and nonlinear ARX).
For the second approach, AI-supported system identification models are used, in which
neural networks’ performances are used to develop multilayer and deep neural network
models for nonlinear system identification. The four models show a high accuracy, with a
system fitting exceeded 98%.

Keywords: evapotranspiration; system identification; machine learning; deep learning; water

1. Introduction
The water crisis has a great impact on agricultural activities, specifically irrigation [1–3].

In fact, water shortage is not the only problem threatening agriculture. The accurate esti-
mation of reference evapotranspiration (ET0) is another critical issue that has interested
scientists over the years [4–7]. ET0 represents the amount of water lost due to soil water
evaporation (E) and plant transpiration to the atmosphere [8,9]. Basically, physical models
are used to calculate ET0. These models rely on a high number of climatic parameters,
which may not be within reach in many cases. To deal with this challenging issue, re-
searchers tend to adopt alternative methods that rely on simplified physical models or
artificial intelligence algorithms.

The researchers in [10] utilized climatic data from 1979 to 2022 to develop multi-
ple linear regression models for ET0 prediction in northwestern Bangladesh. The study
proved that ET0 is highly impacted by temperature and solar radiation. The study in [11]
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highlighted the importance of relative humidity, temperature, and wind speed in ET0
estimation by applying a traditional system identification technique. The effect of climate
was also highlighted in [12] by analyzing the influence of data collected between 1993 and
2022 on calculating ET0 via CROPWAT software (FAO, http://www.fao.org/land-water/
databases-and-software/cropwat/en/, accessed on 2 November 2025).

The authors in [13] proved that relative humidity is a key parameter in predicting
ET0 in the case of data scarcity. This scarcity was also treated by the authors of [14]. A
temperature-based model was proposed to replace the Penman–Monteith model in moist
sub-humid and humid climates. In the same context, the implementation of different data
requirement models was carried out in [15]. FAO-56 PM, the original and three modified
Hargreaves–Samani models (HS and MHS1, MHS2 and MHS3), Trajkovic (TR), and the
single-temperature procedure (MaxTET) were compared under different environmental
conditions. The results indicated that the precision of each method depends on geograph-
ical location. In [16], Priestley–Taylor and 1985 Hargreaves ET0 estimation models were
compared with the FAO-56 Penman–Monteith model (FAO-56 PM). The Priestley–Taylor
model gives a better fit than the Hargreaves model, which is more suitable as a temperature-
based model. The two models were also implemented in [17], and the comparison findings
demonstrated their effectiveness over other models. In [18], temperature, wind speed,
humidity, and sunshine duration acquired over 30 years were used to develop an ad-
justed version of the Hargreaves–Samani (HS) equation (HS1). This model demonstrates
increased accuracy compared with the HS and FAO-56 PM models. In [19], ET0 was esti-
mated using three evapotranspiration methods: EVAPO, AgSAT, and Evapotranspiration
Calculator. In this study, the Thornthwaite model was used as a reference to evaluate
the three approaches. In [20], a modified version of the Penman–Monteith equation was
evaluated to predict actual evapotranspiration and crop coefficients for sesame crop plant-
ing. The study also examined the effectiveness of the FAO Radiation, Priestly–Taylor,
Hargreaves–Samani, and Pan Evaporation methods in determining ET0 values compared
to the original Penman–Monteith equation. The results showed that the modified version is
the most appropriate method for estimating ET0. The estimation of crop evapotranspiration
(ETc) was the aim of the study in [21]. The estimation accuracy of 30 ET0 micrometeorologi-
cal models was evaluated, and the Penman–Monteith model maintained its position as the
best model for ET0 estimation. In [22], three Penman–Monteith models were implemented
in arid and semi-arid zones. The study highlights the importance of data frequency in
ET0 estimation.

Artificial intelligence-based models have also occupied a large space in ET0 estimation.
In [23], several machine learning algorithms, including XGBoost, GBM, RF, BT, and Custom
Deep Learning, were evaluated, with temperature, wind speed, humidity, and precipitation
as inputs and potential evapotranspiration as the output. The XGBoost model showed the
best performance based on RMSE and MAE values. In [24], the Penman–Monteith (PM),
Hargreaves (HA), and Blaney–Criddle (BC) algorithms were used to evaluate a set of ML
algorithms. The authors demonstrated the efficiency of the implemented model compared
with standard methods. Artificial Neural Networks (ANN) were demonstrated to be the
best method for estimating ET0 compared to multiple linear regression (MLR) and Random
Forest (RF) in [25]. A nonlinear relationship between different environmental parameters
and ET0 was identified by an Artificial Neural Network (ANN) in [26]. According to the
results in [27], ANNs can also demonstrate high reliability in forecasting ET0 values. To
improve the system prediction efficiency of ANN algorithms, model hybridization has
prevailed as a key solution. In [28], an ANN was coupled with three techniques for data
preprocessing to produce five new prediction models.
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The impact of input shortages on ET0 system identification performance was ad-
dressed in [29]. Different input combinations were tested and compared with measured
lysimeter ET. The findings validated the significant influence of temperature on ET0 cal-
culation and the high performance of the ANN in the system identification process with
only one climatic input. Using a 35-year dataset of temperature, wind speed, relative
humidity, and net radiation, a fuzzy logic-based model was developed to estimate ET0
in the Ogun–Osun River Basin. In [30], a genetic algorithm was used to optimize the
neural network’s performance in predicting ET0 based on the Penman–Monteith model at
14 weather stations. A genetic algorithm was also used by the authors in [31] with particle
swarm optimization and differential evolution algorithms to estimate ET0. The study also
analyzes the impact of climatic parameters through the implementation of eleven ET0 pre-
diction models. The same idea was applied in [32], where gradient boosting (GB), Support
Vector Machine (SVM), Random Forest (RF), and Ridge Regression (Ridge) were compared
with traditional ET0 estimation methods. The data collected between 1960 and 2023 from
31 locations were used to develop the machine learning algorithms. In [33], Random Forest
Regressor (RFR), Decision Tree Regressor (DTR), and Support Vector Regressor (SVR) were
implemented to estimate local evapotranspiration. R2, RMSE, MAE, and MAPE values
showed RFR to be the best ET0 prediction model. The study also underlined the effect
of temperature and wind speed on the ML-based estimation process. This result was
also confirmed in [34]. The authors of [35] proved that Support Vector Regression (SVR)
performs better than Random Forest (RF) in estimating ET0 with rainfall, temperature,
wind speed, and relative humidity data.

In [36], the wavelet neural network (WNN) and the Group Method of Data Handling
were used to simplify the ET0 estimation process. The findings of Long Short-Term Mem-
ory (LSTM) network implementation in [37] demonstrate that good ET0 estimation can
be achieved with only a few parameters. The study also evaluates the efficiency of the
Gradient Boosting Regressor (GBR), Support Vector Regression (SVR), and Random Forest
(RF) models compared with the FAO 56 Penman–Monteith equation. The study in [38] dis-
cussed the accuracy of three ET0 forecasting approaches across the FAO Penman–Monteith
(FAO-PM) and Hargreaves–Samani (HS) models. The models tested included statistical
methods, machine learning, and deep learning techniques. The results indicated that
the machine learning and deep learning models were in good agreement with FAO-PM,
while the statistical models performed well for HS. In [39], Random Forests (RFs), light
gradient boosting (LGB), and extreme gradient boosting (XGB) algorithms were improved
by the gray wolf optimizer (GWO) for precise ET0 estimation. The study declared solar
radiation as pivotal for ET0 estimation. A Hybrid Convolutional Neural Network with
Long Short-Term Memory (H-ConvLSTM) was proposed by researchers in [40]. The system
demonstrated high performance compared to other deep learning algorithms, including
Recurrent Neural Network (RNN), Gated Recurrent Unit (GRU), and Long Short-Term
Memory (LSTM), with temperature and relative humidity as system inputs. In [41], the
authors utilized ERA5-Land reanalysis data combined with a Random Forest machine
learning model to predict daily and 8-day ET0. The data collected from 50 weather stations
(2008–2017) were used, and the results indicated that temperature had a significant role
in ET0 estimation and water optimization. In [42], five deep learning algorithms were
used: CatBoost, LightGBM, LSTM, GRU, and Bi-LSTM. By implementing these models on
a Moringa oleifera irrigation dataset in semi-arid regions, CatBoost outcomes prevailed
over the other models.

According to the presented studies, researchers have sought to enhance ET0 estimation
using different methods, ranging from traditional models to AI-supported models. Control
engineering is a crucial aspect in agriculture; with system identification, optimization,
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and control, the outcomes of this vital sector can be highly improved. Additionally, swift
advancements in artificial intelligence technologies are driving significant transformations
in control engineering, contributing to the development of promising system identification
methods [43,44]. The incorporation of artificial intelligence (AI) into system identification
has profoundly influenced the discipline by improving the capability to model intricate,
nonlinear, and dynamic systems [45–48]. Most presented studies used either classical
models or artificial intelligence models to estimate ET0 values. In this paper, both ap-
proaches are used, in which four ET0 prediction models are presented to address two
challenging global crises—water scarcity and food security—especially in arid regions,
which experience harsh climatic conditions. Two models are based on the classical system
identification process, while the third and fourth models are based on a deep learning
approach. These models align well with data shortage and physical consistency require-
ments for ET0 prediction in arid regions, even with a moderate dataset. They provide
an explicit representation of the relationship between the climatic inputs (temperature,
relative humidity, wind speed, insolation duration) and the output (ET0). After executing
the proposed models, a systematic comparison is conducted to determine the most efficient
model for forecasting ET0 values. Regarding the pivotal position of evapotranspiration in
the hydrological balance [49–51], these models can greatly optimize irrigation water use by
determining the precise crop water requirements, which strongly depends on ET0 [52–54].

2. Materials and Methods
2.1. Geography and Climate of the Study Area

The testing facility is situated in Bechar city in the southwestern region of Algeria (see
Figure 1) at an approximate latitude of 31◦37′ N and a longitude of 2◦14′ W. This location
presents a distinctive opportunity for agricultural research, owing to its unique geographic
and climatic features.

 

Figure 1. Location map of the experimental site.

Bechar is characterized by an arid climate that is significantly shaped by the surround-
ing desert landscape [55–57]. The minimum, mean, and maximum measurements of air
temperature, wind speed, relative humidity, and global horizontal irradiance during two
different periods are illustrated in Figure 2 below.
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Figure 2. Climatic variations in the study area during summer (s) and winter (w): (a) temperature,
(b) relative humidity, (c) global horizontal irradiation (d) wind speed.

2.2. System Design

The correct determination of evapotranspiration values leads to an optimal irrigation
water management process [58–61]. The diagram in Figure 3 illustrates the main steps
for developing different reference evapotranspiration models based on classical system
identification and AI-supported system identification.

At first, a database is created, composed of temperature (T), relative humidity (RH),
wind speed (WS), and insolation duration (I) as inputs and reference evapotranspiration
(ET0ref) as the output. ET0ref is calculated with the following multiple linear regression
(MLR) formula:

ET0 = 0.17T − 0.06RH + 1.31WS + 0.26I − 0.05 (1)

This formula was used in [54], with a dataset consisting of the daily values of the same
climatic parameters used in this study. These data were collected over 1272 days by the
meteorological station at the experimental site located in an arid region in the south west of
Algeria, and which is similar to the study area. This model showed a high correlation with
the Penman–Monteith reference model and a coefficient of determination R2 of 0.97.

These data were taken during two different seasons: summer and winter. During these
periods, the plants’ water needs reach their highest (in summer) and lowest (in winter)
levels. This data diversity helps develop a typical ET0 model to be implemented under
different climatic conditions. The dataset in this study comprises 2903 hourly samples.

The next step consists of database separation. The following partitioning is adopted:

• For the classical system identification approach: 70% estimation and 30% validation.
• For the AI-supported system identification approach: 70% training, 15% validation,

and 15% test.
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Figure 3. Design of the proposed methodology.

The large amount of data is used to provide the models with enough data about the
physical system, and the rest of the data is reserved to monitor model performance, avoid
overfitting, and evaluate the model’s final predictive performance on unseen data.

After dataset splitting, two models are chosen for each approach: linear and nonlinear
ARX for classical system identification and Multilayer Feedforward Neural Networks
(MLP) and deep neural networks (DNNs) for artificial intelligence implementation.

ARX (AutoRegressive model with eXogenous variables) is the most widely utilized dy-
namic model in linear system identification [62]. By using the ARX model, the relationship
between the inputs and output of the system can be expressed by a simple B/A transfer
function (see Figure 4).

Figure 4. ARX model structure.

The nonlinear version of ARX is also used to predict ET0 values as a traditional system
identification algorithm. The system is implemented with a multiple inputs/single output
architecture (MISO), and it amplifies the regularization of na, nb, and nk parameters, which
represent, respectively, the number of previous output terms employed in predicting the
current output, the number of previous input terms employed in predicting the current
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output, and the time lag from input to output, measured in sample units [58,63]. The
general structure of NLARX is presented in Figure 5.

Figure 5. NLARX model structure.

MLP (multilayer perceptron) is a special kind of supervised neural network learning
algorithm. It is the most used algorithm, featuring a simple implementation process [64–66].
MLP consists of several layers, including an input layer with n variables, hidden layers,
and an output layer with m variables. Each layer is made up of a set of neurons. The
number of parameters is given by the following relation:

Totalparameters = n.h1 +
Nh−1

∑
k=1

hk.hk+1 + hNh .n (2)

In which, Nh is the number of hidden nodes in the ith layer [67].
The second AI algorithm is DNN (deep neural network), which is a deeper version of

the MLP algorithm with the same number of each type of layer [68]. The architectures of
the proposed networks are illustrated in Figure 6 bellow.

 
(a) (b) 

Figure 6. Neural network architecture: (a) MLP and (b) DNN.

To ensure a fair comparison, the same values of na (numerator), nb (denominator),
and nk (disturbance) are utilized to estimate the four models. These values are, respectively,
1, [4 1 1 1] and [0 1 0 0].

The rest of the process will be discussed in the next sections.

3. Results and Discussion
This section is dedicated to presenting and discussing the findings of the

systems’ application.
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3.1. System Identification Models
3.1.1. Linear ARX Model

The first ET0 model estimation produces the following linear model:

m = A(q)y(t) = B(q)u(t) + e(t) (3)

A(q) = 1 + 0.7182 q−1 (4)

B1(q) = 1.675 + 0.5721 q−1 − 0.01139 q−2 + 0.007769 q−3 (5)

B2(q) = 0.2928 q−1 (6)

B3(q) = −0.1035 (7)

B4(q) = 0.4391 (8)

Upon execution, the identified system demonstrates its precision, achieving a mean
squared error (MSE) of 0.0002084 and a final prediction error (FPE) of 0.0002107. The results
from the identified model are compared with the calculated values. A strong correlation
is observed between the two models for both the estimation and validation datasets (see
Figures 7 and 8).

Figure 7. Comparison between computed and identified ET0 values using estimation data (1).

Figure 8. Comparison between computed and identified ET0 values using validation data (1).
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To support these findings, the system’s pole-zero map is extracted (see Figure 9). There
are two real poles (approximately at −0.4 and −0.2), both negative and inside the unit
circle, which indicates system stability. It is clear that there are no imaginary (complex)
parts, indicating the absence of system oscillations. This will guarantee a smooth response
to inputs.

Figure 9. Pole-zero map of the obtained system (×: pole).

3.1.2. Nonlinear ARX Model

According to the results in Figures 10 and 11, it can be concluded that the non-
linear model could be a promising alternative to the reference ET0 model, given that
FPE = 0.0001136 and MSE = 0.0001099.

Figure 10. Comparison between computed and identified ET0 values using estimation data (2).

Figure 11. Comparison between computed and identified ET0 values using validation data (2).
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3.2. AI-Supported System Identification Models

In this section, neural network performances are utilized to develop multilayer
and deep neural network models for nonlinear system identification. As illustrated in
Figures 12 and 13, the developed AI models demonstrate high accuracy, reaching 99.73%
and 99.83% fits on training data for the multilayer perceptron (MLP) and deep neural
networks (DNNs), respectively.

Figure 12. Comparison between computed and MLP-identified ET0 values.

Figure 13. Comparison between computed and DNN-identified ET0 values.

For network development, the database is separated into three subsets. The training
set, which is the largest portion, provides the system with the necessary data to learn.
A comparison between the training and validation datasets is conducted to observe the
system performance.

According to the obtained results in Figures 14 and 15, it is obvious that the de-
veloped models are in good agreement with the measured data for both the MLP and
DNN algorithms.
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Figure 14. Comparison between MLP-identified ET0 values and validation data.

Figure 15. Comparison between DNN-identified ET0 values and validation data.

The final portion of data is used to evaluate the final predictive performance of the
implemented models on previously unencountered data. The results in Figures 16 and 17
confirm stable performance with an average fit exceeding 98%, which enhances the valida-
tion of the applied models.

Figure 16. Comparison between MLP-identified ET0 values and test data.
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Figure 17. Comparison between DNN-identified ET0 values and test data.

This database split ensures precise evaluation of the obtained models with overfitting
prevention. In addition, parameter tunning and MaxIterations regularization are imple-
mented to control the system fitting. Given the dataset size and the network’s architecture,
sigmoid and tanh activation functions are used to model the smooth, bounded nonlinear
properties of the studied system. These functions demonstrated high stability for handling
physical systems with continuous relationships that do not exhibit sharp sparsity behav-
iors. Model parameters are optimized using the Sequential Quadratic Programming (SQP)
algorithm of the fmincon function for nonlinear constrained minimization. The parameters
settings and the main obtained results for both the multilayer and deep neural networks
are summarized in Table 1 below.

Table 1. Parameters and results of MLP and DNN implementation.

MLP DNN

Network architecture 2 layers, with 10 and
5 neurons, respectively

2 layers, each with
5 neurons

Activation function sigmoid, tanh sigmoid, tanh

Optimization function SQP(fmincon) SQP (fmincon)

Number of iterations 10 10

Number of function evaluations 37 29

System fitting (%)

Training 99.73 99.83

Validation 99.48 99.73

Test 98.64 99.14

FPE 7.43217 × 10−5 0.000157467

3.3. Comparative Analysis of the ET0 Estimation Models

Considering the results obtained after applying the proposed models, it can be said
that it is possible to rely heavily on these models, as the compatibility rate exceeded 98%
for the four models, whether classical or AI-supported models.

There are noticeable rises and falls in the ET0 values, which are sometimes sharp, as is
the case in Figures 7, 10, 12 and 13, where the ET0 value decreased from more than 14 mm
to less than 5 mm by the 1850th hour and increased from 5 mm to more than 13 mm by
the 340th hour, as shown in Figures 14 and 15. This is due to the diversity of the database
between values taken in summer and in winter; this confirms that the selected systems
are capable of adapting to different climatic conditions and sudden changes. As for AI-
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supported models, despite the reliance on a moderate network architecture for parameter
regularization, the max number of equations limitation, and the database segmentation,
which had a significant impact on the assessment of system feasibility across different
database categories, accurate and consistent results were obtained. To further analyze and
compare the system’s performance, MSE (mean squared error), RMSE (root mean squared
error), and R2 (coefficient of determination) were calculated using the following equations:

MSE =
1
m

m

∑
i=1

(Xi − Yi)
2 (9)

RMSE =

√
1
m

m

∑
i=1

(Xi − Yi)
2 (10)

R2 = 1 − ∑m
i=1(Xi − Yi)

2

∑m
i=1

(
Y − Yi

)2 (11)

in which Xi is the predicted ith value, Yi is the calculated ith value, and Y is given by the
relation bellow [69]:

Y =
1
m

m

∑
i=1

Yi (12)

The values in Table 2 represent the performance metrics of the four implemented mod-
els: ARX, NLARX, MLP, and DNN. All the models show excellent system fits, exceeding
99.6% with both training (estimation) and validation datasets. For FPE, the nonlinear mod-
els (NLARX, MLP, DNN) have lower FPE values than linear ARX, with a slight advantage
for MLP, which indicates better equilibrium between fit and model complexity.

Table 2. Results of SI and AI-supported SI implementation.

ARX NLARX MLP DNN

System fitting
(%)

Estimation/Training 99.80 99.82 99.73 99.83
Validation 99.75 99.67 99.48 99.73

FPE 0.0002107 0.0001136 7.43217 × 10−5 0.000157467
MSE 0.0002 0.0002 0.0004 0.0002
RMSE 0.0141 0.0149 0.0194 0.0129
R2 1.0000 1.0000 1.0000 1.0000

It can be seen that the MLP model has the highest error and RMSE values among the
models, but these are still very low. The DNN model has the best RMSE value, followed
by the ARX and NLARX models. Generally, all the obtained values are very low, which
confirm the prediction accuracy of the four models.

In terms of R2, all the models have the same value (R2 = 1.0000), confirming the perfect
correspondence between predicted and measured data.

To further analyze the obtained results, a scatter plot comparing predicted ET0 with
measured ET0 for the four system identification models is generated in Figure 18. Each
model’s predictions are denoted by distinct markers, with the ideal fit depicted using a red
dashed line.
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Figure 18. Comparison of the four system identification models.

All models demonstrate a high agreement with the ideal fit, as indicated by the
clustering of points in close proximity to the y = x reference line, and the negligible
deviation from the ideal line for all models reflects both high accuracy and robustness, with
no apparent outliers.

The findings show that modern nonlinear and deep learning approaches (MLP, DNN,
NLARX) do not provide substantial benefits over the classical linear ARX model within
this dataset, as all models achieve nearly perfect fits. This conclusion is further supported
by the performance metric values in Table 2, which are consistent with the graphical results
and confirm the reliability of all models.

A challenging issue in system modeling and deep learning implementation is data
availability. Given the dataset size in this study, another validation strategy is needed to
demonstrate that the near perfect values of R2 and low errors are not the result of overfitting
or a specified dataset partition. The K-fold cross-validation method is adopted. By training
and validating the models on different data subsets, overfitting is improbable.

The results in Table 3 display the values of R2, RMSE, and MSE of the four models
after executing K-fold CV with 5 folds (5-fold CV).

Table 3. K-fold CV summary of the four models.

DNN MLP NLARX ARX

R2 (mean ± std) 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000 1.000 ± 0.000
RMSE (mean ± std) 0.016 ± 0.004 0.012 ± 0.004 0.019 ± 0.008 0.020 ± 0.006
MSE (mean) 0.0003 0.0002 0.0004 0.0004

For every fold, the models achieve nearly perfect goodness of fit with identical mean
coefficients of determination, R2 = 1.000 ± 0.000.

These results are further supported by the bar plots for R2 in Figure 19 and confidence
interval line plots in Figure 20, which show negligible variation across folds.
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Figure 19. R2 and RMSE cross-validation values of the four models over the 5 folds.
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Figure 20. R2 Cross-validation values with confidence intervals for the four models.

The lowest prediction error is offered by MLP with an RMSE of 0.012 ± 0.004 and an
MSE of 0.0002, followed by DNN (RMSE 0.016 ± 0.0040.016 ± 0.004, MSE 0.0003). This
error rose very slightly with the ARX and NLARX identification models, as illustrated
in the bar plots for RMSE in Figure 19. Overall, these findings confirm the stability and
reproducibility of the performance metrics and justify the high accuracy of the four models
on the dataset.

4. Conclusions
In this paper, different models are implemented to estimate reference evapotranspi-

ration values, which have a significant role in determining and controlling plants’ water
requirements. These models provide a key solution to deal with water crisis and food
security, especially in arid regions.

The impact of artificial intelligence is studied through the comparison of two classical
system identification models and AI-supported system identification models.
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In order to develop a resistant model, a heterogeneous database is used; it covers the
different climatic conditions that plants face during their growth.

The implemented models show high and very close levels of reliability, varying be-
tween 99.67% and 99.82% for classical system identification models and 99.83% and 98.64%
for AI-supported system identification models, regardless of the climatic circumstances.

This study’s findings demonstrate that integrating artificial intelligence with tradi-
tional systems does not necessarily lead to better results for system fitting. Despite the
neural network’s adaptation to match the data size and the database split, which signifi-
cantly contributed to preventing overfitting, the classical model showed superiority over
the AI-supported models, albeit by a small or marginal difference.

The four implemented models show high performance, with slight advantages in FPE
for nonlinear models and RMSE for the DNN model. These results indicate that while the
linear model provides the better system fitting ratio, the nonlinear models can improve
prediction accuracy and generalization. Given that the four models reach similarly high
accuracy, the choice between the two approaches is constrained by data availability and the
nature of the studied system. For example, classical systems perform better with small and
moderate datasets when modeling physical systems.

To deal with dataset constraints and further confirm the effectiveness of the proposed
models, future studies will focus on the use of different climatic parameters and a larger
database, as well as the reference Penman–Monteith ET0 model for output calculation, to
further improve the precision of ET0 estimation models. This will lead to optimal irrigation
water use and improve the agricultural sector.
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