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Abstract

Accurate estimation of reference evapotranspiration (ETo) is essential for agricultural water management, particularly
in regions with limited data availability. This study aimed to evaluate multiple linear regression (MLR) models to
estimate ETo at the annual scale. Meteorological data from the Kuhdasht synoptic station, Iran, for 25 years (1998—
2022) were used. ETo was calculated using the FAO-56 Penman-Monteith method implemented through the
CROPWAT 8.0 software. A total of 31 MLR models were developed using the Regression option from the Analysis
ToolPak of Microsoft Excel 2019 to quantify the relationship between ETo and climatic variables. Seven statistical
indices were used to evaluate the performance of the MLR models in estimating ETo. Results showed that 16 models
achieved very high accuracy, with coefficients of determination (R?) greater than 0.92. Among single-variable models,
wind speed (MLR4) emerged as the strongest predictor, explaining up to 92% of ETo variability. Several two-variable
models achieved R? = 0.92-0.96, and most three-variable models reached R? = 0.93—-0.97. Four-variable models also
performed strongly (R? =~ 0.95-0.97), while the five-variable model yielded R? ~ 0.97, similar to simpler models. Wind
speed emerged as the most influential factor, highlighting that well-chosen two- or three-variable models can estimate
ETo as effectively as more complex alternatives.
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1. Introduction

Reference evapotranspiration (ETo) is a
fundamental component in hydrological studies
and agricultural water management, because it
represents the climatic demand for water by a
reference surface and is critical in designing
irrigation schedules and managing water
resources (Liu et al., 2024). The methods of
estimating the evapotranspiration of plants are
divided into two main groups: direct and indirect
(computational). Various methods, including
lysimetric methods, are proposed in the form of
direct methods for measuring evapotranspiration,
but the use of a lysimeter is not feasible due to the
lack of affordable and time-consuming
measurement of data in all regions (Ahmadpari et
al., 2019a). For this reason, researchers have tried
to use indirect methods of estimating
evapotranspiration from evaporation pan values
or some meteorological data. In all indirect
methods that are used to determine the amount of
evapotranspiration, the ETo value is estimated
and, using this, the water requirement of the
desired plant is calculated (Ahmadpari et al.,
2019). Several methods have been proposed for
estimating Reference evapotranspiration; each of
them has certain limitations and can be
recommended in special conditions. All of these
methods are a combination of theoretical
concepts and empirical results (Ahmadpari et al.,
2017). The FAO-56 Penman—Monteith method is
widely accepted as a global standard for
estimating Reference evapotranspiration, but it
requires comprehensive meteorological data,
such as solar radiation, wind speed, air
temperature, and humidity, which may not be
available in many regions (Khadempour et al.,
2017).

In many data-scarce or remote environments,
meteorological stations either lack certain sensors
or have incomplete records, making it difficult to
apply methods like FAO-56 Penman—Monteith
directly (Amini & Hesami, 2017). As a general
rule, the level of prediction accuracy generally
improves with the increase in input parameters
(Djaman et al., 2017). The cost of the necessary
sensors, the equipment, and the maintenance of
meteorological stations, along with the difficult
environmental conditions, results in data
unavailability or at least scarcity, especially for
the developing countries. Therefore, an effort to

reduce the quantity of data required for predictive
models is highly recommended, provided that
satisfactory accuracy is secured (Tegos et al.,
2015). To cope with these constraints, multiple
linear regression has been explored as a viable
alternative because it can use a subset of available
variables and yet produce acceptable accuracy
(Dimitriadou and Nikolakopoulos, 2022).

Several studies have applied multiple linear
regression (MLR) techniques to estimate ETo
using meteorological variables such as
temperature, relative humidity, wind speed, and
solar radiation in different climatic regions. In the
Brazilian Amazon, site-specific MLR equations
using temperature, wind speed, and insolation
reproduced FAO-56 Penman—Monteith estimates
with good accuracy, especially when three
predictors were included (da Silva et al., 2016).
Research in Turkey confirmed the strong
predictive capacity of multiple linear regression,
where models using only air temperature and
relative humidity achieved coefficients of
determination close to 0.99 (Usta and Gencoglan,
2019). Applications in East Aftrica also confirmed
the usefulness of multiple linear regression. For
example, in Ethiopia, regression models based on
temperature, wind speed, sunshine duration, and
relative humidity closely matched Penman—
Monteith reference evapotranspiration, making
them suitable for use in data-scarce basins (Yirga,
2019). In Greece, the use of combinations of
sunshine duration, mean temperature, solar
radiation, net radiation, wind speed, and vapour
pressure deficit resulted in an adjusted R? of 0.98
and an RMSE of just 0.28 mm day, confirming
the high accuracy of well-structured regression
formulations (Dimitriadou and Nikolakopoulos,
2022). More recently, the potential of MLR has
been demonstrated for situations with incomplete
climate data, where appropriate substitutions,
such as replacing dew point with minimum
temperature or applying regional averages for
wind speed and humidity, still resulted in
acceptable estimates (Ko¢ and Can, 2023).
Overall, these studies confirm that MLR is a
simple, transparent, and effective method for
estimating ETo across a wide range of climatic
conditions. The inclusion of additional predictors
such as solar radiation, humidity, and wind speed
typically enhances model accuracy, yet reduced-
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variable models still provide useful predictions in
regions with limited climate data.

This study focuses on the development and
evaluation of MLR models for estimating ETo on
an annual scale in the Darreh Dozdan River Basin
of Iran. To date, no research has specifically
applied regression-based approaches to estimate
ETo in this basin, despite the importance of
reliable  evapotranspiration  estimates  for
irrigation  planning and water resource
management. The study is motivated by the
challenge of limited meteorological data, which
often restricts the application of data-intensive
methods such as the FAO-56 Penman—Monteith
equation. The main objective is therefore to
examine how effectively MLR can estimate ETo
using reduced climate inputs and to identify the
most influential variables contributing to model
performance. By addressing this gap, the findings
are expected to provide practical guidance for
water managers and agricultural practitioners in
data-scarce environments.

2. Materials and Methods

2.1. Study area

The Darreh Dozdan River (DDR) is one of the
rivers of Lorestan Province, Iran. The DDR is one
of the rivers that flows in the second-level
watershed called Karkheh (Research Office of the
Iran Water Resources Management Company,
2012). In the DDR basin, there are two stations:
the Kuhdasht synoptic station and the Tange Siab
hydrometric station. Both stations are located in
Kuhdasht County. The Tange Siab station lacks
the data required to estimate ETo in the DDR
basin. In this study, the ETo in the DDR basin was
estimated using meteorological data from the
Kuhdasht synoptic Station during the period
1998-2022 (25 years). The Kuhdasht synoptic
station has been established and operated by the
Iran Meteorological Organization since 1997. It is
situated at longitude 47°38'52"E, latitude
33°3127"N, and an elevation of 1197 meters
above sea level. Figure 1 shows the geographic
location of the study area within Lorestan
Province and Iran.

LAk
S| @
29 |

AL A
g)\,z\/i? 33°30'0"N|

Legend
613 - 1,001
e 33°0°0"'N| [711091-1310
113101516
16161772 0510 20 30 40
(017722614 OS] Kilometers

[

Fig. 1. a) Map of Iran, b) Map of Lorestan Province, c¢) Digital elevation model map of the study area.

2.2. FAO-56 Penman-Monteith method

In this study, ETo was calculated using the FAO-
56 Penman-Monteith method through the
CROPWAT 8.0 software. Reference crop
evapotranspiration is  defined as  the
evapotranspiration from an unlimited area of
grass with a uniform height of 8-15 cm, with
active growth without any water scarcity,
nutrients, air, pests, and diseases that cover the
entire ground surface with its shade (Ahmadpari
and Khaustov, 2025b). The Food and Agriculture
Organization of the United Nations (FAO) has
recommended the FAO-56 Penman-Monteith
method as the standard method for determining

ETo (Ahmadpari et al., 2017). The reference crop
is referred to by FAO as having 12 cm height and
surface resistance of 70 s/m with Albedo
coefficient-light reflection capability (Ahmadpari
and Khaustov, 2025b). The value of the albedo
coefficient is 0.23 (Ahmadpari et al., 2019). This
method is expressed as Eq. 1 (Alazba et al.,
2025).

0.408A(R, — G) +y [%] U,(es — eg) 1
ET, = (D
A+y(1+0.340,)
where, ET, is the reference evapotranspiration
(mm/day), R, is the net radiation at the plant
surface (MJ/m?/day), G is the soil heat flux

(MJ/m?*day), T is the air temperature at a height
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of 2m (°C), U, is the wind speed at a height of 2m
above ground (m/s), (e; — e,) is the air saturation
vapor pressure deficiency (kPa), A is the slope of
the vapor pressure curve (kPa/°C), and y is the
hygrometric constant (kPa/°C). CROPWAT is a
simulation model for climate, effective rainfall,
crop, soil, water, and irrigation requirements, and
irrigation scheduling (Binesh et al., 2020).

2.3. Multiple linear regression models
A multiple linear regression model was employed
using the Regression option from the Analysis
ToolPak of Microsoft Excel 2019 to quantify the
relationship between ETo and the climatic
variables. The regression model is expressed in
Eq. 2 (Dimitriadou and Nikolakopoulos, 2022).
ETy = by + byxy + byx, + bsxs + byx, 2)
+ bsxs
where b, is the intercept, b; are the regression
coefficients, and x;, X,, X3, X4, X5 are the
independent variables representing minimum
temperature, maximum temperature, relative
humidity, wind speed, and sunshine hours,
respectively. Considering the five independent
variables, different regression models can be
constructed by selecting subsets of these
predictors. The total number of possible
regression models that can be formed from k
predictor variables is expressed in Equation 3
(Brooks and Ruengvirayudh, 2016).

Number of models = 2% — 1 3)
The total number of regression models that can be
formed from a set of k independent variables can
be calculated using combinatorial methods.
Specifically, the number of models that include
exactly r predictor variables is expressed in
Equation 4 (Stanley, 2011).

Number of models with r predictors

_ (ko K 4)

B (r) Ttk —1)!
Where k is the total number of independent
variables, r is the number of predictors included
in the model, and ! denotes the factorial operation.
In total, 31 possible regression models exist.
Among these, there are five simple linear
regression models, each including only one
predictor variable. 10 regression models include
two predictor variables, ten models that include
three predictor variables, five models that include
four predictor variables, and one model that

includes all five predictor variables, which
corresponds to the full model shown in Eq. 2.

2.4. Evaluation indices of models

2.4.1. Pearson correlation coefficient

The Pearson correlation coefficient (r), Eq. 5,
measures the strength and direction of a linear
relationship between two continuous variables,
ranging from -1 (perfect negative) to 1 (perfect
positive), with 0 indicating no correlation (Jiang

and Sun, 2025).

Cov(X,Y)

Corr(X,Y) =——— (5)
6x6y

Where X and Y are the values of two variables,
oy is the standard deviation of variable X, gy is
standard deviation of variable Y, Cov (X, Y) is
the covariance between X and Y. Pearson's
correlation coefficient is represented by r. The
comparison of the Pearson correlation coefficient
and correlation strength can be found in Table 1
(Jiang and Sun, 2025).

Table 1. Pearson correlation strength table (Jiang
and Sun, 2025)
Correlation Coefficient

Correlation Strength

()
0.0-0.2 Extremely weak
correlated
0.2-0.4 Weak correlated
0.4-0.6 Medium correlated
0.6-0.8 Strong correlated
0.8-1.0 Highly correlated

2.4.2. Coefficient of determination
The coefficient of determination (R?) measures
how well independent variables explain the
variance of the dependent variable, ranging from
0 to 1. Values above 0.6 indicate a strong
explanatory power (Amini et al., 2019). It is
calculated using Eq. 6 (Ahmadpari and Khaustov,
2025a).

RZ = ( Zin=1(01_— 0)(si —S) )2 ©)

\/Zin:1(oi —0)? X XL (si — 8)?

Where, s; is the predicted value, o; the observed
value, § and 0 are predicted and observed average
values, and n is the number of data points.

2.4.3. Adjusted R-Square

The Adjusted R?is a statistical measure used in
regression analysis. It’s a modified version of the
R-Square (R?) that adjusts for the number of
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independent variables in the model. The problem
with plain R? is that it always increases (or stays
the same) when more variables are added, even if
those variables don’t actually improve the model.
To fix this, Adjusted R? penalizes unnecessary
predictors, ensuring only useful variables
increase the score. The formula for calculating the
Adjusted R?is Equation 7 (Karch, 2020).
: (1-RH(n-1)
AdjustedR?=1- ——————~ (7)
n—-p-—1

where n is the number of observations, p is the
number of predictors (independent variables),
and R?is the coefficient of determination.

2.4.4. Mean Absolute Error

Mean Absolute Error (MAE) is a metric used to
evaluate the accuracy of a predictive model. It
measures the average absolute difference
between the predicted values and the actual
observed values, without considering the
direction (i.e., positive or negative). The formula
for calculating the Mean Absolute Error is Eq. 8
(Amini et al., 2017; Ababakr et al., 2023).

n

1
MAE = r—lz |P, — 0} (®)
i=1

Where n is the number of observations, P; is the
predicted values, and O; is the actual (observed)
values.

2.4.5. Root Mean Square Error

Root Mean Square Error (RMSE) is one of the
most commonly used metrics to evaluate the
accuracy of regression and forecasting models. It
measures the square root of the average squared
differences between the predicted values and the
actual observed values. The formula for
calculating the Root Mean Square Error is Eq. 9
(Amini 2020).

)

Where n is the number of observations, P; is the
predicted values, and O; is the actual (observed)
values.

2.4.6. Normalized Root Mean Square Error

The Normalized Root Mean Square Error
(NRMSE) is a scaled version of the Root Mean
Square Error (RMSE). This normalization helps

interpret the error as a relative measure
(percentage of the scale of the data). The NRMSE
normalized by the mean is a metric used to assess
the accuracy of predictive models. The formula
for calculating the NRMSE is Eq. 10 (Dehghani

et al., 2024).

RMSE
NRMSE = — (10)

Where RMSE is Root Mean Square Error, and O
1s the mean of the observed values.

2.4.7. Regression Standard Error

In multiple linear regression, the regression
standard error (SE) has a specific meaning related
to how well the regression model fits the observed
data. Standard Error is the standard deviation of
the residuals (errors), where residuals are the
differences between observed values of the
dependent variable and the values predicted by
the regression model. It measures, on average,
how far the observed data points fall from the
regression hyperplane created by the multiple
predictors. The formula for calculating the
Regression Standard Error is Eq. 11 (Cochran,
1934).

SSE

SE= [imr-1 (v
Where SSE is the sum of squared residuals, n is
the number of observations, and k is the number
of predictors. A smaller standard error of the
estimate indicates a better fit since observed
values are closer to predicted values.

2.5. Analysis of Variance

In order to evaluate the overall significance of the
MLR model, an analysis of variance table was
employed. The analysis of variance table
partitions the total variation in the dependent
variable into two components: the variation
explained by the regression model and the
unexplained (residual) variation (Kim, 2014).
The regression sum of squares represents the
portion of variance accounted for by the
independent variables, whereas the residual sum
of squares corresponds to the variance that
remains unexplained. Mean squares are obtained
by dividing each sum of squares by its respective
degrees of freedom (Miller et al., 2002). The ratio
of the mean square for regression to the mean
square for error yields the F-statistic, which tests
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the null hypothesis that all regression coefficients
are equal to zero (i.e., the model has no
explanatory power) (Das et al, 2022). A
statistically significant F-test (< 0.05) indicates
that the regression model explains a significant
proportion of the variance in the dependent
variable, thereby justifying further interpretation
of the estimated coefficients (Sureiman and
Mangera, 2020).

2.6. Estimation and Significance Testing of
Regression Coefficients

The regression coefficients were estimated by the
ordinary least squares method, which minimizes
the sum of squared residuals to produce unbiased
and efficient estimates under the classical
assumptions of linear regression (Draper and
Smith, 1998). This method is widely used in
environmental and hydrological studies due to its
simplicity and interpretability (Montgomery et
al., 2021). To assess the reliability and
significance of regression coefficient estimates,
the standard error, t statistic, and p-value
statistical parameters were calculated.

2.6.1. Standard Error

Standard Error (SE) represents the estimated
standard deviation of the sampling distribution of
a regression coefficient. It measures the precision
of the coefficient estimate; a smaller Standard
Error indicates higher precision. The Standard
Error is calculated as the square root of the
variance of the coefficient estimate, which
depends on the residual variance and the
independent variables matrix. The standard error
of the estimated regression coefficient f;, denoted
as SE (ﬁi), measures the precision of the
coefficient estimate and reflects the variability of
the estimator across different samples. The

formula for calculating the regression coefficient
Standard Error is Equation 12 (Draper and Smith,
1998).

SE(B) = |62 x (XTX)7* (12)

Where, 62 is the estimated variance of the
residuals, and (XTX);' is the i-th diagonal
element of the inverse of the matrix of predictors.

2.6.2. t Statistic

t Statistic (t-stat) is calculated as the ratio of the

estimated coefficient f;, to its standard error. The

formula for calculating the t-statistic is Equation

13 (Walpole et al., 2022).

_ ﬁiA (12)
SE(B:)

This statistic tests the null hypothesis that the true

coefficient is zero (no effect). A larger absolute

value of t; implies stronger evidence against the

null hypothesis (Walpole et al., 2022).

i

2.6.3. P-value

P-value is derived from the t-distribution with
degrees of freedom equal to n —p — 1, where n
is the sample size, and p is the number of
predictors. It represents the probability of
obtaining a t; as extreme as observed, assuming
the null hypothesis is true. A commonly used
threshold for significance is p < 0.05. Lower P-
values indicate statistically significant predictors
(Montgomery et al., 2021).

3. Results and Discussion

3.1. Simple linear regression models

Table 2 presents the regression coefficients,
standard errors, t-statistics, and p-values for five
simple linear models linking each meteorological
variable to reference evapotranspiration.

Table 2. Summary of regression coefficients and statistical significance for the simple linear regression models

Models Variable Coefficients Standard Error t Stat P-value
MLRI Intercept 0.98 0.78 1.26 0.22
Minimum temperature 0.40 0.11 3.83 0.00
MLR2 . Intercept -7.34 2.92 -2.51 0.02
Maximum temperature 0.45 0.12 3.86 0.00
Intercept 6.19 1.41 4.39 0.00
MLR3 Relative humidity 20.05 0.03 11,59 0.12
Intercept 2.33 0.10 22.61 0.00
MLR4 Wind speed 0.01 0.00 16.33 0.00
Intercept 3.21 2.68 1.20 0.24
MLRS Sunshine 0.08 0.30 0.27 0.79
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The results indicate that minimum temperature,
maximum temperature, and wind speed have
significant positive effects on ETo (all with p <
0.01), whereas relative humidity has a negative
but non-significant coefficient (p = 0.12), and
sunshine hours have no statistically significant
effect (p = 0.79). In practical terms, rising
minimum or maximum temperature leads to
higher ETo, and even modest increases in wind
speed are associated with increased evaporative
demand, while humidity and sunshine alone do

not explain much of the variability in ETo in this
dataset. These findings align with many recent
studies. Taheri et al. (2025) demonstrated that,
among the input variables in deep learning
models, radiation had the largest influence on
evapotranspiration at approximately 42%,
followed by maximum temperature at around
32%, while relative humidity had the smallest
contribution. Table 3 presents the performance of
the simple linear regression models for estimating
ETo using individual meteorological variables.

Table 3. Performance of simple linear regression models

Models r R? Adjusted R? SE MAE RMSE NRMSE
MLRI1 0.62 0.39 0.36 0.39 0.32 0.37 0.09
MLR2 0.63 0.39 0.37 0.39 0.32 0.37 0.09
MLR3 0.32 0.10 0.06 0.47 0.40 0.45 0.11
MLR4 0.96 0.92 0.92 0.14 0.11 0.13 0.03
MLRS5 0.06 0.00 -0.04 0.50 0.40 0.48 0.12

In this analysis, r indicates the strength of the
linear association, while the R2? shows the
proportion of ETo variability explained by each
predictor. According to the correlation strength
classification (Table 1), wind speed (MLR4)
exhibited a high correlation with ETo (r = 0.96),
accounting for 92% of the variance (R? = 0.92)
and achieving the lowest error indices (RMSE =
0.13, NRMSE = 0.03). Minimum and maximum
temperatures (MLR1 and MLR2) demonstrated
strong correlations (r ~ 0.62—0.63) and explained
about 39% of the variance in ETo (R?=0.39), with
moderate levels of prediction error (RMSE =
0.37, NRMSE = 0.09). In contrast, relative
humidity (MLR3) showed only a weak
correlation (r = 0.32), with a limited explanatory
power (R? = 0.10). Sunshine duration (MLRSY5)
exhibited an extremely weak correlation (r =
0.06) and virtually no explanatory capability (R?
~ 0), coupled with the highest error values. These
findings demonstrate that wind speed is the
dominant climatic factor regulating ETo in the
study area, followed by air temperature, whereas
relative humidity and sunshine hours provide
minimal  contribution  when  considered
individually.

Figure 2 illustrates the comparison between ETo
values estimated by the FAO-56 Penman—

Monteith method, considered as the standard
approach, and those predicted by the simple
linear regression models.

The wvisual patterns confirm the statistical
findings reported in Table 3: wind speed (MLR4)
shows the closest agreement with the standard
method, reflecting its high correlation (r = 0.96)
and strong explanatory power (R> = 0.92).
Minimum and maximum temperatures (MLRI1
and MLR2) also provide reasonable estimates
with moderate agreement, consistent with their
strong but lower correlations. By contrast, the
models based on relative humidity (MLR3) and
sunshine duration (MLRS5) deviate considerably
from the FAO-56 Penman—Monteith estimates,
which supports their weak or negligible
predictive ability. Overall, Fig. 2 visually
reinforces the conclusion that wind speed is the
dominant climatic driver of ETo in the study area,
followed by air temperature, while relative
humidity and sunshine contribute little when
applied individually.

Table 4 presents the results of the analysis of
variance (ANOVA) conducted for the simple
linear regression models developed to estimate
reference evapotranspiration
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Fig. 2. Comparison of ETo Estimated by the FAO-56 Penman-Monteith Method and Simple Linear
Regression Models
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Table 4. ANOVA for simple linear regression models

Models Source of Degrees of Freedom Sum of Squares Mean Squares F Value  Significance F
Variation (df) (SS) (MS)
Regression 1 2.22 2.22 14.68 0.00
MLRI Residual 23 3.48 0.15
Total 24 5.70
Regression 1 2.24 2.24 14.93 0.00
MLR2 Residual 23 3.46 0.15
Total 24 5.70
Regression 1 0.57 0.57 2.54 0.12
MLR3 Residual 23 5.13 0.22
Total 24 5.70
Regression 1 5.25 5.25 266.65 0.00
MLR4 Residual 23 0.45 0.02
Total 24 5.70
Regression 1 0.02 0.02 0.08 0.79
MLRS Residual 23 5.68 0.25
Total 24 5.70

The ANOVA test evaluates whether the
regression model as a whole significantly
explains the variability in ETo. The results
indicate that models based on minimum
temperature (MLR1), maximum temperature
(MLR?2), and wind speed (MLR4) are statistically
significant (Significance F < 0.01), confirming
that these predictors provide meaningful
contributions to the estimation of ETo. Among
them, wind speed (MLR4) shows the strongest
performance with an extremely high F value
(266.65), highlighting its dominant role. By
contrast, relative humidity (MLR3) and sunshine
duration (MLRY) are not statistically significant
(Significance F > 0.05), indicating that they do
not offer reliable explanatory power for ETo when
considered individually. These findings are fully
consistent with the correlation and model
performance results presented in Tables 2 and 3,
reinforcing the conclusion that wind speed and air
temperature are the most influential climatic
variables governing ETo in the study area.

3.2. Two predictor variables

Table 5 summarizes the regression coefficients,
standard errors, t-statistics, and significance
levels for ten MLR models that incorporate two
meteorological variables as predictors of
reference  evapotranspiration. The results
demonstrate that models combining wind speed
with either maximum temperature (MLR7),
relative humidity (MLR13), or minimum
temperature (MLR15) perform particularly well,

as both wind speed and the accompanying
variable are statistically significant (p < 0.05),
with especially strong effects observed for wind
speed (t > 12 across models). For example, in
MLR?7, both maximum temperature (p < 0.01)
and wind speed (p < 0.01) contribute positively to
ETo, while in MLR13, wind speed (p < 0.01) and
relative humidity (p < 0.01) jointly explain
variations, with humidity showing a negative
influence. This study demonstrated that
multivariable regression models, particularly
those including wind speed, achieved high
accuracy in predicting reference
evapotranspiration. This finding is consistent
with recent research using Long Short-Term
Memory models, where combining temperature
and wind speed also provided reliable ETo
predictions with R? above 0.75 (Karuppanan et
al., 2025). Models combining temperature with
sunshine, such as MLR6 and MLR10, highlight
the importance of temperature, whereas sunshine
shows no significant or only marginal effects (p >
0.05). Similarly, MLR11 indicates that neither
relative humidity nor sunshine alone provides a
reliable contribution to ETo estimation. Overall,
these results suggest that while temperature
variables consistently show significant positive
effects, the inclusion of wind speed markedly
strengthens model performance, confirming its
dominant role in controlling ETo, whereas
sunshine hours have little explanatory power
even in multivariate combinations
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Table 5. Summary of regression coefficients and statistical significance for ten MLR models with two
independent variables

Models Variable Coefficients Standard Error t Stat P-value

Intercept -6.08 3.09 -1.97 0.06

MLR6 Maximum temperature 0.50 0.12 4.05 0.00

Sunshine -0.29 0.25 -1.17 0.26

Intercept -0.94 0.97 -0.97 0.34

MLR7 Maximum temperature 0.14 0.04 3.38 0.00

Wind speed 0.01 0.00 15.27 0.00

Intercept -5.66 3.67 -1.54 0.14

MLRS Maximum temperature 0.42 0.12 3.40 0.00

Relative humidity -0.02 0.03 -0.77 0.45

Intercept 3.66 1.13 3.23 0.00

MLR9 Minimum temperature 0.44 0.09 4.82 0.00
Relative humidity -0.06 0.02 -2.94 0.01

Intercept -3.76 2.51 -1.50 0.15

MLR10 Minimum temperature 0.48 0.11 4.50 0.00

Sunshine 0.47 0.24 1.97 0.06

Intercept 6.43 3.35 1.92 0.07

MLRI11 Relative humidity -0.05 0.03 -1.53 0.14

Sunshine -0.02 0.30 -0.08 0.94

Intercept 1.05 0.74 1.42 0.17

MLR12 Wind speed 0.01 0.00 17.11 0.00

Sunshine 0.14 0.08 1.76 0.09

Intercept 3.78 0.33 11.64 0.00

MLR13 Relative humidity -0.03 0.01 -4.60 0.00

Wind speed 0.01 0.00 21.63 0.00

Intercept -5.40 2.81 -1.92 0.07

MLR14 Minimum temperature 0.26 0.11 2.31 0.03

Maximum temperature 0.30 0.13 2.35 0.03

Intercept 2.37 0.31 7.66 0.00

MLR15 Minimum temperature -0.01 0.05 -0.13 0.90

Wind speed 0.01 0.00 12.13 0.00

Table 6. Performance of regression models with two independent variables
Models r R? Adjusted R? SE MAE RMSE NRMSE

MLR6 0.66 0.43 0.38 0.38 0.30 0.36 0.09
MLR7 0.97 0.95 0.94 0.12 0.09 0.11 0.03
MLR8 0.64 0.41 0.36 0.39 0.31 0.37 0.09
MLR9 0.75 0.56 0.52 0.34 0.26 0.32 0.08
MLR10 0.69 0.48 0.43 0.37 0.29 0.34 0.09
MLRI11 0.32 0.10 0.02 0.48 0.40 0.45 0.11
MLR12 0.96 0.93 0.92 0.13 0.10 0.13 0.03
MLR13 0.98 0.96 0.96 0.10 0.08 0.10 0.03
MLR14 0.72 0.51 0.47 0.36 0.28 0.33 0.08
MLR15 0.96 0.92 0.91 0.14 0.11 0.13 0.03

The results clearly demonstrate that models
incorporating ~ wind  speed  consistently
outperform others. In particular, MLR13 (relative
humidity + wind speed) achieved the best
performance, with a very high correlation (r =
0.98), the highest explanatory power (R? = 0.96),
and the lowest error values (RMSE = 0.10,
NRMSE = 0.03). Similarly, MLR7 (maximum
temperature + wind speed), MLR12 (wind speed

+ sunshine), and MLR15 (minimum temperature
+ wind speed) also exhibited excellent predictive
ability (R* = 0.92-0.95, RMSE = 0.11-0.13),
confirming the dominant role of wind speed in
ETo estimation when combined with other
variables. By contrast, models without wind
speed, such as MLR6 (maximum temperature +
sunshine), MLRS (maximum temperature +
relative humidity), MLR9 (minimum temperature
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+ relative humidity), MLR10 (minimum
temperature + sunshine), and especially MLR11
(relative humidity + sunshine), performed
markedly worse, with much lower correlations (r
= 0.32-0.75) and higher errors. Notably, MLR11
explained only about 10% of the variance (R* =
0.10) and had the poorest accuracy (RMSE =
0.45, NRMSE = 0.11). Overall, the results
highlight that the integration of wind speed with

another climatic factor, particularly relative
humidity or temperature, provides the most
robust and accurate models for estimating ETo,
while models based on sunshine and humidity
alone are inadequate. Figure 3 illustrates the
comparison between ETo values estimated by the
FAO-56 Penman—Monteith method and those
predicted by MLR models incorporating two
independent variables.

Fig. 3. Comparison of ETo Estimated by the FAO-56 Penman-Monteith Method and Regression Models with
Two Predictor Variables
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Figure 3 provides a visual assessment of model
accuracy, highlighting the degree of agreement
between observed ETo and estimates from
different model combinations. Consistent with
Table 6, models that include wind speed,
particularly MLR7, MLR12, MLRI13, and
MLRI15, show the closest alignment with the
standard FAO-56 estimates, while models
without wind speed exhibit larger deviations.

This visual comparison reinforces the dominant
influence of wind speed on ETo estimation and
confirms the superior performance of
multivariate models that combine wind speed
with either temperature or relative humidity.
Table 7 presents the results of the ANOVA for
MLR models incorporating two independent
variables to predict reference evapotranspiration.

Table 7. ANOVA for regression models with two independent variables

Models Source of Degrees of Freedom Sum of Squares Mean Squares F Value  Significance F
Variation (df) (SS) MS)
Regression 2 2.45 1.22 8.27 0.00
MLR6 Residual 22 3.25 0.15
Total 24 5.70
Regression 2 5.40 2.70 199.34 0.00
MLR?7 Residual 22 0.30 0.01
Total 24 5.70
Regression 2 2.33 1.17 7.63 0.00
MLR8 Residual 22 3.37 0.15
Total 24 5.70
Regression 2 3.20 1.60 14.09 0.00
MLR9 Residual 22 2.50 0.11
Total 24 5.70
Regression 2 2.74 1.37 10.21 0.00
MLR10 Residual 22 2.96 0.13
Total 24 5.70
Regression 2 0.57 0.28 1.22 0.32
MLRI11 Residual 22 5.13 0.23
Total 24 5.70
Regression 2 5.30 2.65 146.98 0.00
MLRI12 Residual 22 0.40 0.02
Total 24 5.70
Regression 2 5.47 2.74 260.83 0.00
MLR13 Residual 22 0.23 0.01
Total 24 5.70
Regression 2 2.92 1.46 11.53 0.00
MLR14 Residual 22 2.78 0.13
Total 24 5.70
Regression 2 5.25 2.62 127.64 0.00
MLRI15 Residual 22 0.45 0.02
Total 24 5.70
The results indicate that models including wind humidity and sunshine, is not statistically

speed (MLR7, MLR12, MLR13, and MLR15) are
highly significant (Significance F < 0.01) and
exhibit very large F values (ranging from 127.64
to 260.83), confirming their strong explanatory
power. Models combining temperature with other
variables, such as MLR6, MLRS, MLRY,
MLR10, and MLR14 are also significant
(Significance F < 0.01), though with lower F
values, suggesting moderate explanatory ability.
By contrast, MLR11, which includes only relative

significant (Significance F = 0.32), indicating that
these variables together do not reliably account
for ETo variability. Overall, the ANOVA results
reinforce the conclusions from Tables 5 and 6:
wind speed is the dominant driver of ETo, and
models that include it alongside temperature or
humidity provide the most accurate and reliable
predictions.
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3.3. Three predictor variables
Table 8 presents the regression coefficients,
standard errors, t-statistics, and significance

levels for ten MLR models incorporating three
independent meteorological variables to predict
reference evapotranspiration.

Table 8. Summary of regression coefficients and statistical significance for ten MLR models with three
independent variables

Models Variable Coefficients Standard Error t Stat P-value
Intercept 0.58 1.00 0.58 0.57
Minimum temperature 0.04 0.05 0.70 0.49
MLR16 Wind speed 0.01 0.00 11.79 0.00
Sunshine 0.17 0.09 1.87 0.08
Intercept 1.20 0.88 1.36 0.19
MLR17 Maximqm temp'er'ature 0.10 0.03 3.08 0.01
Relative humidity -0.02 0.01 -4.29 0.00
Wind speed 0.01 0.00 20.59 0.00
Intercept -3.89 3.88 -1.00 0.33
MLRI8 Maximgm temp.er.ature 0.47 0.13 3.68 0.00
Relative humidity -0.02 0.03 -0.94 0.36
Sunshine -0.32 0.25 -1.28 0.21
Intercept -1.06 1.01 -1.05 0.31
Maximum temperature 0.13 0.05 2.71 0.01
MLRI9 Wind speed 0.01 0.00 14.54 0.00
Sunshine 0.04 0.08 0.54 0.59
Intercept -0.26 2.58 -0.10 0.92
MLR20 Minimu_m temp.ergture 0.50 0.09 5.29 0.00
Relative humidity -0.06 0.02 -2.68 0.01
Sunshine 0.36 0.21 1.68 0.11
Intercept 3.63 0.34 10.73 0.00
MLR21 Minimu_m temp.er'(.lture 0.05 0.04 1.34 0.19
Relative humidity -0.03 0.01 -4.87 0.00
Wind speed 0.01 0.00 15.03 0.00
Intercept -5.70 2.92 -1.95 0.06
Minimum temperature 0.32 0.16 1.97 0.06
MLR22 Maximum temperature 0.23 0.18 1.26 0.22
Sunshine 0.17 0.33 0.51 0.61
Intercept -1.02 0.96 -1.06 0.30
MLR23 Mini.mum temperature -0.05 0.04 -1.27 0.22
Maximum temperature 0.15 0.04 3.65 0.00
Wind speed 0.01 0.00 13.79 0.00
Intercept -0.57 3.53 -0.16 0.87
Minimum temperature 0.35 0.12 3.07 0.01
MLR24 Maximum temperature 0.17 0.13 1.26 0.22
Relative humidity -0.05 0.02 -2.04 0.05
Intercept 2.98 0.72 4.15 0.00
Relative humidity -0.03 0.01 -4.23 0.00
MLR23 Wind speed 0.01 0.00 21.94 0.00
Sunshine 0.08 0.06 1.26 0.22

Table 8 shows that wind speed consistently
exhibits highly significant positive effects (p <
0.01) across most models, confirming its
dominant influence on ETo. Temperature
variables (minimum or maximum) also generally
have significant positive coefficients, although
their significance varies depending on the
combination of other predictors. Relative
humidity frequently has a negative effect, with

significance in several models (e.g., MLR17,
MLR20, MLR21, MLR24, MLR25), indicating
its dampening influence on ETo. Sunshine hours
appear to have a limited or marginal impact, with
p-values mostly above 0.05, suggesting that this
variable contributes little to ETo prediction when
combined with other climatic factors. Overall,
these findings reinforce the conclusions drawn
from simpler models: while temperature and
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relative humidity can influence ETo, wind speed
remains the most robust predictor, and including
it alongside other variables consistently improves
model performance. The results of this study are
inconsistent with those of Ko¢ and Can (2023).
Kog et al. (2023) reported that MLR models
incorporating solar radiation and sunshine hours
data estimated daily ETo more accurately than

those using other variables. They found that
sunshine hours had a substantial effect on ETo
estimation, with RMSE values ranging between
0.457 and 0.750 mm/day. Table 9 summarizes the
performance metrics of MLR  models
incorporating three independent variables to
estimate reference evapotranspiration.

Table 9. Performance of regression models with three independent variables

Models r R? Adjusted R? SE MAE RMSE NRMSE
MLRI16 0.97 0.93 0.92 0.14 0.10 0.12 0.03
MLR17 0.99 0.97 0.97 0.09 0.07 0.08 0.02
MLRI18 0.67 0.45 0.37 0.39 0.29 0.35 0.09
MLRI19 0.97 0.95 0.94 0.12 0.08 0.11 0.03
MLR20 0.78 0.61 0.56 0.32 0.24 0.30 0.08
MLR21 0.98 0.96 0.96 0.10 0.08 0.09 0.02
MLR22 0.72 0.52 0.45 0.36 0.27 0.33 0.08
MLR23 0.98 0.95 0.94 0.11 0.08 0.11 0.03
MLR24 0.77 0.59 0.53 0.33 0.26 0.30 0.08
MLR25 0.98 0.96 0.96 0.10 0.08 0.09 0.02

The results indicate that models including wind
speed consistently achieve the highest predictive
accuracy. In particular, MLR17 (maximum
temperature + relative humidity + wind speed),
MLR21 (minimum temperature + relative
humidity + wind speed), MLR23 (minimum
temperature + maximum temperature + wind
speed), and MLR25 (relative humidity + wind
speed + sunshine) demonstrate excellent
performance, with correlation coefficients (r)
between 0.98-0.99, R? values of 0.95-0.97, and
very low errors (RMSE = 0.08-0.12, NRMSE =
0.02-0.03). Models that do not include wind
speed or have weaker variable combinations,
such as MLRI18 (maximum temperature +
relative humidity + sunshine) and MLR22
(minimum temperature + maximum temperature
+ sunshine), show considerably lower
performance (R* = 0.37-0.45, RMSE = 0.33—
0.35). These results reinforce the critical role of
wind speed in ETo estimation and suggest that
incorporating it alongside temperature and
relative humidity provides the most robust and
accurate models, while combinations lacking
wind speed are substantially less reliable.

Figure 4 presents a comparison between ETo
estimated by the FAO-56 Penman—Monteith
method and values predicted by MLR models
incorporating three independent variables.

Figure 4 visually confirms the findings reported
in Table 9: models that include wind speed in
combination with temperature and/or relative
humidity (e.g, MLR17, MLR21, MLR23,
MLR25) show the closest agreement with the
FAO-56  estimates, exhibiting  minimal
deviations. Models without wind speed, or with
less optimal variable combinations, display
greater discrepancies from the standard ETo
values. Overall, Figure 4 reinforces that
incorporating wind speed into multivariate
regression models substantially improves ETo
prediction accuracy, while the inclusion of
sunshine alone contributes little when combined
with other predictors. Table 10 presents the
analysis of wvariance for MLR models
incorporating three independent meteorological
variables to predict reference evapotranspiration.
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Fig. 4. Comparison of ETo Estimated by the FAO-56 Penman-Monteith Method and Regression Models with
Three Predictor Variables

Table 10 shows that all ten models are statistically
significant (Significance F = 0.00), with F values
ranging from 5.78 to 244.09. Models including
wind speed combined with temperature and/or
relative humidity (e.g., MLR17, MLR21,
MLR23, MLR25) exhibit the highest F values
and lowest residual variance, confirming their
superior explanatory power. Even models with
less optimal combinations, such as MLR18 and
MLR22, are statistically significant, although
they have lower F values and higher residuals,
indicating moderate predictive capability.
Overall, the ANOVA results reinforce the
findings from the regression coefficients and

performance metrics: incorporating wind speed,
especially alongside temperature and relative
humidity, produces the most robust and accurate
models for ETo estimation, while other variable
combinations remain significant but less
effective.

3.4. Four predictor variables

Table 11 presents the regression coefficients,
standard errors, t-statistics, and significance
levels for five MLR models developed using four
independent meteorological variables to estimate
reference evapotranspiration.
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Table 10. ANOVA for regression models with three independent variables

Models i/(;lrlir:g()(f Degrees ((éff) Freedom Sum (zg ggluares Mea? I\i(sl;lares FValue Significance F
Regression 3 5.31 1.77 95.88 0.00
MLR16 Residual 21 0.39 0.02
Total 24 5.70
Regression 3 5.54 1.85 244.09 0.00
MLR17 Residual 21 0.16 0.01
Total 24 5.70
Regression 3 2.58 0.86 5.78 0.00
MLRI18 Residual 21 3.12 0.15
Total 24 5.70
Regression 3 541 1.80 128.75 0.00
MLR19 Residual 21 0.29 0.01
Total 24 5.70
Regression 3 3.50 1.17 11.12 0.00
MLR20 Residual 21 2.20 0.10
Total 24 5.70
Regression 3 5.49 1.83 180.84 0.00
MLR21 Residual 21 0.21 0.01
Total 24 5.70
Regression 3 2.95 0.98 7.52 0.00
MLR22 Residual 21 2.75 0.13
Total 24 5.70
Regression 3 5.42 1.81 137.10 0.00
MLR23 Residual 21 0.28 0.01
Total 24 5.70
Regression 3 3.38 1.13 10.18 0.00
MLR24 Residual 21 2.32 0.11
Total 24 5.70
Regression 3 5.49 1.83 179.03 0.00
MLR25 Residual 21 0.21 0.01
Total 24 5.70

The results highlight that wind speed remains the
most consistent and highly significant predictor
(p < 0.01) across almost all models, with strong
positive effects on ETo. The results of this study
are inconsistent with those of Dimitriadou and
Nikolakopoulos (2022), who reported that MLR
models could not capture the complex
relationship between wind speed and ETo.
Maximum temperature also shows significant
positive effects in several models (MLR26,
MLR28, MLR30), while minimum temperature is
only significant in selected cases (MLR27 and
MLR?29). Relative humidity consistently exerts a
negative and statistically significant effect in
most models, confirming its dampening influence
on ETo. The results of this study are consistent
with those of Purohit et al. (2016), who
investigated  the influence of  various
meteorological variables on evapotranspiration

under the humid climate conditions of the
Konkan region. Their results showed that relative
humidity has a significant negative relationship
with ETo, where an increase in relative humidity
causes a decrease in ETo, while temperature and
wind speed have positive effects. Sunshine
appears to have a weaker and less consistent role:
it is not significant in most models, except for a
marginal effect in MLR29 (p = 0.05). Overall,
these findings indicate that combining wind
speed with temperature (minimum or maximum)
and relative humidity provides the most reliable
models for ETo prediction, while the addition of
sunshine does not markedly improve predictive
performance. Table 12 summarizes the
performance indices of MLR models with four
predictor variables for estimating reference
evapotranspiration.
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Table 11. Summary of regression coefficients and statistical significance for five MLR models with four
independent variables

Models Variable Coefficients Standard Error t Stat P-value

Intercept 1.27 0.95 1.34 0.20

Minimum temperature 0.01 0.04 0.23 0.82

MLR26 Maximum temperature 0.09 0.04 2.61 0.02

Relative humidity -0.03 0.01 -3.87 0.00

Wind speed 0.01 0.00 16.52 0.00

Intercept -0.57 3.53 -0.16 0.87

Minimum temperature 0.48 0.17 2.89 0.01

MLR27 Maximum temperature 0.03 0.19 0.13 0.90

Relative humidity -0.05 0.02 -2.23 0.04

Sunshine 0.33 0.31 1.05 0.31

Intercept -0.92 1.01 -0.91 0.37

Minimum temperature -0.07 0.06 -1.19 0.25

MLR28 Maximum temperature 0.17 0.06 2.87 0.01

Wind speed 0.01 0.00 13.42 0.00

Sunshine -0.05 0.11 -0.41 0.69

Intercept 2.17 0.76 2.87 0.01

Minimum temperature 0.08 0.04 2.17 0.04

MLR29 Relative humidity -0.03 0.01 -4.97 0.00

Wind speed 0.01 0.00 15.29 0.00

Sunshine 0.13 0.06 2.12 0.05

Intercept 1.16 0.93 1.24 0.23

Maximum temperature 0.09 0.04 2.65 0.02

MLR30 Relative humidity -0.02 0.01 -4.13 0.00

Wind speed 0.01 0.00 19.33 0.00

Sunshine 0.01 0.06 0.20 0.84

Table 12. Performance of regression models with four independent variables

Models r R? Adjusted R? SE MAE RMSE NRMSE
MLR26 0.99 0.97 0.97 0.09 0.07 0.08 0.02
MLR27 0.78 0.61 0.54 0.33 0.24 0.30 0.08
MLR28 0.98 0.95 0.94 0.12 0.08 0.10 0.03
MLR29 0.98 0.97 0.96 0.09 0.07 0.08 0.02
MLR30 0.99 0.97 0.97 0.09 0.07 0.08 0.02

The results clearly demonstrate that most of the
models achieve very high predictive accuracy,
particularly MLR26, MLR29, and MLR30,
which report correlation coefficients (r) of 0.98—
0.99, R? values 0f 0.97, and very low error indices
(RMSE = 0.08, NRMSE = 0.02). MLR28 also
performs strongly, with r = 0.98 and R? = 0.95,
though its accuracy is slightly lower compared to
the top-performing models. In contrast, MLR27
shows considerably weaker performance, with r
= 0.78, R? = 0.61, and relatively higher errors

(RMSE = 0.30, NRMSE = 0.08), indicating that
the specific variable combination in this model is
less effective for ETo prediction. Overall, the
results confirm that including wind speed,
temperature, and relative humidity together
yields highly reliable models, while the addition
of sunshine improves prediction only marginally.
Figure 5 illustrates the comparison between ETo
estimated by the FAO-56 Penman—Monteith
method and the predictions obtained from MLR
models using four independent variables.
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Fig. 5. Comparison of ETo Estimated by the FAO-56 Penman-Monteith Method and Regression Models with
Four Predictor Variables

Figure 5 confirms the results presented in Table
12: models such as MLR26, MLR29, and MLR30
demonstrate very close alignment with the FAO-
56 estimates, reflecting their high accuracy and
low prediction errors. MLR28 also shows a
strong agreement, although with slightly larger

deviations. In contrast, MLR27 displays
noticeable discrepancies from the standard
values, consistent with its weaker statistical
performance. Table 13 presents the ANOVA
results for the MLR models with four
independent variables.

Table 13. ANOVA for regression models with four independent variables

Models i;:llrlir:tcito(:lf Degrees(cziff) Freedom Sum (Eg g;luares Mea? I\ig;lares FValue Significance F
Regression 4 5.54 1.39 174.83 0.00
MLR26 Residual 20 0.16 0.01
Total 24 5.70
Regression 4 3.50 0.87 7.95 0.00
MLR27 Residual 20 2.20 0.11
Total 24 5.70
Regression 4 5.43 1.36 98.79 0.00
MLR28 Residual 20 0.27 0.01
Total 24 5.70
Regression 4 5.53 1.38 159.24 0.00
MLR29 Residual 20 0.17 0.01
Total 24 5.70
Regression 4 5.54 1.39 174.71 0.00
MLR30 Residual 20 0.16 0.01
Total 24 5.70
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The findings indicate that all five models
(MLR26-MLR30) are statistically significant at
the 95% confidence level, as confirmed by the
very low Significance F values (Significance
F=0.00). Among these models, MLR26, MLR29,
and MLR30 show the highest F values (174.83,
159.24, and 174.71, respectively), reflecting their
strong explanatory power and consistency with
the results reported in Table 12. MLR2S8 also
demonstrates high statistical significance with an
F value of 98.79, whereas MLR27, despite being
significant, exhibits a comparatively lower F

value (7.95), consistent with its weaker
performance metrics. Overall, the ANOVA results
reinforce that regression models integrating wind
speed, temperature, and relative humidity are
highly effective in estimating reference
evapotranspiration.

3.5. Five predictor variables

Table 14 presents the regression coefficients and
their statistical significance for the MLR model
with five independent variables (MLR31).

Table 14. Summary of regression coefficients and statistical significance for an MLR model with five
independent variables

Models Variable Coefficients Standard Error t Stat P-value
Intercept 1.26 0.97 1.30 0.21
Minimum temperature 0.03 0.05 0.51 0.61
MLR31 Maximum temperature 0.08 0.05 1.44 0.17
Relative humidity -0.03 0.01 -3.79 0.00
Wind speed 0.01 0.00 15.76 0.00
Sunshine 0.04 0.09 0.50 0.62

The results show that among the predictors,
relative humidity (p < 0.01) and wind speed (p <
0.01) have a statistically significant effect on ETo
estimation. In contrast, minimum temperature,
maximum temperature, and sunshine are not
significant contributors, as their p-values are
greater than 0.05. These findings suggest that,
although including five variables improves the

comprehensiveness of the model, not all
predictors meaningfully influence
evapotranspiration, and wind speed, together with
relative humidity, remain the dominant factors.
Table 15 summarizes the performance of the
MLR model with five independent variables
(MLR31).

Table 15. Performance of the regression model with five independent variables

Models r R?

Adjusted R?

SE MAE RMSE NRMSE

MLR31 0.99 0.97 0.97

0.09 0.07 0.08 0.02

The MLR31 model demonstrates a very high
correlation coefficient (r = 0.99), with a
coefficient of determination of R? = 0.97 and an
adjusted R? also equal to 0.97, indicating
excellent explanatory power. The error indices,
including SE (0.09), MAE (0.07), RMSE (0.08),
and NRMSE (0.02), are all very low, confirming

the strong predictive accuracy of the model in
estimating reference evapotranspiration. Figure 6
presents a comparison between the ETo values
estimated by the FAO-56 Penman-Monteith
method and those predicted by the MLR model
with five predictor variables (MLR31).
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Fig. 6. Comparison of ET, Estimated by the FAO-56 Penman-Monteith Method and Regression Model with
Five Predictor Variables

Figure 6 shows the close agreement between the
two datasets, indicating the high accuracy and
reliability of the MLR31 model, which is
consistent with the performance metrics reported

in Table 15. Table 16 summarizes the results of
the analysis of variance for the MLR model with
five independent variables (MLR31).

Table 16. ANOVA for the regression model with five independent variables

Source of Degrees of Sum of Squares Mean Squares Significance
Models Variation Free%iom (df) (SS;l (Mg) F Value ¢ F
Regression 5 5.54 1.11 134.68 0.00
MLR31 Residual 19 0.16 0.01
Total 24 5.70

The regression source of variation shows a very
high F-value (134.68) with a significance level of
0.00, indicating that the overall model is
statistically significant. Out of the total sum of
squares (5.70), the regression explains 5.54,
while only 0.16 is attributed to residual error,
confirming that the model accounts for nearly all
the variability in reference evapotranspiration.
These results are consistent with the high
performance metrics reported in Table 15, further
validating the reliability of MLR31. Finally, the
five-variable model (MLR31) achieved R2=0.97,
matching the best-performing simpler models.
These results emphasize that adding more
variables does not necessarily improve predictive
performance, and that carefully selected two- or
three-variable models can provide estimation
quality equivalent to more complex alternatives,
while remaining more parsimonious and
practical. The results of this study are consistent
with those of Salahudin et al. (2023). The study
by Salahudin et al. (2023) clearly supports the
idea that well-selected smaller predictor sets can

nearly match or exceed the performance of larger
predictor sets in ETo modeling.

4. Conclusion

In this study, the evaluation of MLR models was
conducted to estimate ETo at an annual scale in
the DDR Basin of Iran. The main results of the
study are as follows:

1) Single-variable models (MLR1-MLRSY5)
revealed that minimum temperature, maximum
temperature, and wind speed are statistically
significant predictors of ETo. Among them, wind
speed alone (MLR4) demonstrated very high
explanatory power (R* = 0.92), whereas other
significant single-variable models explained a
moderate portion of ETo variability (R? = 0.39).
2) Certain two-variable models, particularly
MLR7, MLR12, MLR13, and MLR15, achieved
very high predictive accuracy (R? = 0.92-0.96),
comparable to more complex models with three
or four predictors. This indicates that using just
two carefully selected variables can provide near-
optimal ETo estimation.
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3) The three-variable models MLRI16,
MLR17, MLR19, MLR21, MLR23, and MLR25
achieved high accuracy, with coefficients of
determination ranging from 0.93 to 0.97 and
strong statistical significance, comparable to
four- and five-variable models, whereas MLR18
and MLR22 showed weaker performance with R?
below 0.55.

4) Four-variable models (MLR26-MLR30)
generally achieved excellent predictive accuracy,
with most models reaching R*> = 0.95-0.97.
However, MLR27 underperformed (R> = 0.61),
suggesting that the inclusion of more variables
does not automatically guarantee better model
performance.

5) The five-variable model (MLR31)
yielded R? = 0.97, matching the best performance
observed in models with fewer predictors. This
finding demonstrates that simpler models with
two or three carefully selected predictors can be
as effective as more complex formulations for
ETo estimation.

This study is limited by its dataset, which consists
solely of observations from the synoptic station in
Kuhdasht, potentially restricting the applicability
of the results to other regions or time periods.
Moreover, the relatively small sample size
(degrees of freedom = 24) may introduce
uncertainty in the estimated coefficients and limit
the overall robustness of the regression models.
For future research, it is recommended to explore
non-linear modeling approaches and artificial
intelligence techniques, such as artificial neural
networks or machine learning algorithms, to
improve ETo prediction. Comparing these
advanced methods with the current linear
regression models may enhance accuracy and
provide more robust tools for water resource
management and agricultural planning.
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