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ABSTRACT: �is study aimed to create a model for calculating the total reference crop evapotranspiration (ETo)
in Mersin Province from May 2015 to 2020 and to generate maps using spatial analysis. Lemons from citrus play a
signi�cant role inMersin’s agriculture, and because of lemons’ sensitivity to temperature, ETo is essential for them. It was
observed that the ETo value (EToPM) calculated using the Penman-Monteith (PM) method increased over the years. A
model was developed using data from 36 Automated Weather Observing Systems (AWOS) in Mersin, Türkiye, which
is located in a semi-arid climate zone. �e model was created using Multiple Linear Regression (MLR) and arti�cial
neural network (ANN) methods. �e station climate data were divided into training and test datasets separately and
collectively, and ETo values were estimated with di�erent combinations using three scenarios and six model constructs.
�e dataset was divided into training (2015–2018) and testing (2019–2020). ANN1 and MLR1 are analyses of individual
AWOS, while the other models are analyses of all AWOS together. �e statistical performance analysis involved a
comparison of the R2, Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE), and Root Mean Square
Error (RMSE) values. �e analysis results indicated that ANN1 (0.9997, 0.0105, 0.2718%, and 0.0162, respectively) and
ANN2 (0.9958, 0.0678, 1.5341%, and 0.0864, respectively) models successfully predicted as statistical with both single
and all AWOS.�emodels were visually evaluated using the Inverse DistanceWeighting (IDW) interpolation method,
andmaps of plant water consumption were generated.�e relationships between bothmodels and years in themonthly
total ETo maps allowed for a clearer comparison.

KEYWORDS: Penman-monteith; reference crop evapotranspiration; multiple linear regression; arti�cial neural
networks; IDW interpolation

1 Introduction

Reference Crop Evapotranspiration (ETo) is presented to investigate the evaporation demand of
the atmosphere regardless of plant type, plant growth, or management practices. �erefore, ETo, which
represents the evaporation power of the atmosphere, can be determined at a speci�c location at any time of
the year, regardless of plant or soil characteristics.
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It is calculated with the help of a lysimeter, empirical models such as Baier-Robertson, Hargreaves, and
Penman-Monteith, and statistical models such as regression, arti�cial neural networks, and random forest
[1–3]. Some studies have examined the spatial and temporal distribution [4], historical accumulation of crop
evapotranspiration due to climate change in Bangladesh [5], the seasonal impact of climate change [6], crop
evaporation values, and irrigation schedules [7]. �e climate dataset must be complete to use the Penman-
Monteith method, which is the ideal approach, and calculate the ETo value. ETo can be calculated using
techniques such as theHargreaves equation [8] or linear interpolation for incomplete climate data. It has been
observed that ETo is calculated using tree-based regression and deep learning-based gated recurrent unit
(GRU)models with restricted climate datasets [9]. Climate datasets were measured decently in most regions
between 1983 and 2017 in the Bangladesh study region; therefore, ETo prediction was made using Bagging,
RF, RS, RT and SVM methods [10]. In cases where all datasets were unavailable, the Adaptive Neuro-Fuzzy
Inference System (ANFIS) computer module was used again [11].

Arti�cial intelligence techniques are popular for generating quick solutions to problems. �e PM
method, other empirical models, and statistical models for ETo estimation were used for comparisons. In
the literature, study area, number of stations, time interval, climate data, and quantity vary. All measurable
climate data or combinations were considered as input and ETo output, andmodels were developed with the
best model being tried to be put forward by applying two or more methods. In addition to ETo estimation,
the ANN method is used in estimating climate data such as Max temperature, Min temperature, Relative
Humidity, Wind speed, Sunshine, Dew Point, and Evaporation [12]. Researchers have tested many statistical
methods individually or in combination through comparisons and analyses.Modernmethods such asMulti-
ple Linear Regression (MLR) [13–16], Arti�cial Neural Network (ANN) [17,18], Random Forest (RF) [19,20],
Genetic Algorithm [21], K-means Clustering and �re�y algorithms [22], Support Vector Machine (SVM),
Fire�y algorithm (FFA) [23], Multivariate Adaptive Regression Splines (MARS) [24], and hybrid methods
such as Adaptive Network-Based Fuzzy Inference System (ANFIS) [25–29], Generalized Regression Neural
Network [30,31], hybrid-deep learning approach [32], and Extreme LearningMachines [33,34] are seen to be
applied.�ere are numerous versions, particularly in studies that useANNandhybridmethods. For example,
ETo was calculated using recurrent neural networks (RNNs), namely long short-term memory (LSTM) and
bidirectional LSTM [35–38]; Arti�cial Neural Network/Backpropagation Algorithm [39,40]; deep learning
neural network (DLNN), multilayer perceptron (MLP) [41], and radial basis function neural network
(RBFNN) [42], as machine learning and deep learning methods RF, XGBoost, Arti�cial Neural Network
(ANN) and convolutional neural network (CNN) [19,43]; support vector regression (SVR), regression

trees (RT), linear regression, k-nearest neighbors, Bayes networks, logistic regression, K* algorithm [44];

RF, Generalized regression neural network (GRNN) and CatBoost based on gradient boosting decision

tree (GBDT) [45,46], Light Gradient Boosting Model [47], novel improved Grey Wolf Algorithm [48,49],

whale optimization algorithm [34,50] and compared with traditional PM method. AI models are hybrid

SVR-GWOmodels, hybrid SVR-genetic algorithms (SVR-GA), SVR-particle swarm optimizers (SVR-PSO),

conventional arti�cial neural network (ANN), and using empirical models (Turc, Ritchie,�ornthwaite, and

three versions of Valiantzas methods), ETo estimates were made on a multi-time scale [51]. In addition, a

hybrid, least-square support vector regression with a gravitational search algorithm (LSSVR-GSA) and the

dynamic evolving neural-fuzzy inference system (DENFIS) were used and compared with theM5model tree

(M5RT) approach [52].

�e aim of the present study was to develop modern crop evapotranspiration (ETo) methods using

di�erent variables and datasets inMersin province based on the Penman-Monteithmethod. In this direction,

the 31-day climate data of May, belonging to the years 2015–2020, of a total of 36 stations were used. �e

novelty of the present study is the calculation of ETo, regionally and daily, for single and all AWOS with
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the data of May in the years 2015–2020, creating six models from three scenarios with MLR and ANN

methods using fewer criteria than PM, and visualizing them with maps. For the estimation of plant water

consumption, the Penman-Monteith method was coded in the Python programming language and was

considered a benchmark for the comparison of modern methods to be used in the study. We produced a

prediction model for the climate data of 36 stations, both separately and collectively, using the statistical

methods of regression and ANN. Namely, each station’s data were analyzed individually and collectively to

evaluate the prediction models at the same time, variable, and data.�e R-Squared (R2), the Mean Absolute

Error (MAE), the Mean Absolute Percentage Error (MAPE), and the Root Mean Square Error (RMSE)

values were compared in the performance analysis. A connection was established between the ETo values

and the station using a Geographical Information System (GIS). Maps were obtained using Inverse Distance

Weighted (IDW), a spatial analysismethod, and the results were interpreted visually. In addition, unlike other

studies, it focused on the short term only.�is was done to evaluate the e�ect of the extraordinary increase in

temperature andwind on the plant water requirements during the working dates. EspeciallyMersin, which is

the leading city in lemon cultivation in the world, has been greatly a�ected by this. It has been proved by the

ETo calculations and estimation results that the plant water consumption has increased in parallel with the

consideration of May when the temperature is above the seasonal normal.�is study is intended to serve as

a guide for future research. In this context, it will serve as a reference for future research to calculate month-

day ETo across all seasons using diverse meteorological data and various arti�cial intelligence methods, and

utilize remote sensing data in estimating ETo of extensive areas.

2 Materials and Methods

2.1 Study Area Study Area and Dataset Creation

Mersin province, in Turkey’s Mediterranean Region, is located between 36○−37○ north latitudes and

33○−35○ east longitudes. Mersin province has a topographic structure (Digital Elevation Model-DEM) that

begins at zero meters above sea level and rises to approximately three thousand meters (Fig. 1). In the last

year, the province of Mersin, like the rest of the world and Turkey, has experienced droughts, with areas

drying up or water scarcity due to excessive and unconscious water consumption [53].�e irrigation process

in the lemon orchard begins in April and May, and the demand for water increases in summer. Mersin

had 48 percent of the lemon orchards in 2019 and is the leading exporter [54]. Due to the widespread

cultivation of lemons in Mersin Province, it was considered a representative crop in this study. Lemon trees

are among the citrus species that are highly sensitive to climatic conditions and have notable sensitivity

to water requirements. �is characteristic enhances the relevance and practical applicability of reference

evapotranspiration (ETo) calculations, making lemons a methodologically meaningful choice for this study.
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Figure 1: Topography of the study area and AWOS

In Mersin province, the Turkish State Meteorological Service is responsible for the AutomatedWeather

Observing System (AWOS), which includes a total of 39 meteorological stations—34 located on land and

�ve as buoys in the sea. Only 15 of 39 stations had anemometers that measured wind speed. Wind speed is

a climatic data element and an important variable in PM calculation. For this reason, only 15 stations were

used in the study for Mersin province. In addition to the 15 stations, 21 stations in neighboring provinces

were utilized to correctly perform the statistically Inverse Distance Weighting (IDW) interpolation of ETo

maps process with exhibiting a balanced dispersion.�e locations of the 36 station points used in the present

study are pointed out by numbering on the map as green circles (Fig. 1).

O�ce so�ware was used on a regular basis to prepare data for analysis. MLR analysis was performed

using the IBM SPSS Statistics 20 Version so�ware package. It is useful so�ware to build predictive models

and uncover complex relationships [55]. Codes created in Matlab R2010b were used for ANN analysis.

Matlab blends a programming language that expresses matrix and array mathematics with an environment

optimized for iterative analysis and design processes [56]. �e study diagram presents all of the processes

carried out in the current study (Fig. 2).
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Figure 2: �e study diagram for statistical and visual evaluation of ETo

2.2 Reference Crop Evapotranspiration Calculation Methods

2.2.1 Empirical Model: Penman-Monteith Method

Empirical models were developed based on temperature and radiation. �e Penman-Monteith (PM)

approach, broadly recognized as closely approximating reality, is one of these methods.�e United Nations

Food and Agriculture Organization concluded that the Penman-Monteith technique is more appropriate for

a transparent and uniform globally computation of ETo.�e PM technique is referred to as FAO56 Penman-

Monteith (FAO PM56) in Paper No. 56, issued in 1998 [8].�is study aimed to standardize the derivation of

the reference evapotranspiration equation and enhance the transferability of the plant coe�cients. Scientists,
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engineers, judges, legislators, and end-users have conceptualized a universally recognized equation. �ey

claimed that the equation applies to agricultural and landscape irrigation,making it easier to use and transfer

plant and landscape coe�cients [57].

�e PMmethod,which is also accepted and foreseen by the FAO, is themost preferred and only standard

worldwide [8,57–59]. �e methodology established by Penman and Monteith comprises 18 interrelated

equations (Appendices A and B). �e FAO Penman–Monteith equation (Eq. (1)), as detailed in the FAO

Irrigation and Drainage Paper, was employed to calculate reference evapotranspiration (ETo) [8].

ETo = 0.408∆ (Rn −G) + γ 900
T+273u2(es − ea)

∆ + γ(1 + 0.34u2) (1)

�e diagram below shows the equivalents of the expressions in FAOPenman-Monteith Eq. (1) (Table 1).

Additionally, we calculated each variable using the corresponding equations presented in Appendix B to

obtain the necessary input values for Eq. (1).�e letter symbols and de�nitions of these variables are detailed

in Appendix A.

Table 1: ETo PM symbol explanation

Symbol Unit Explanation

ETo mm/day Reference evapotranspiration

∆ kPa/○C Slope vapour pressure curve

Rn MJ/m2/day Net radiation at the crop surface

G MJ/m2/day Soil heat �ux density

γ kPa/○C Psychometric constant

T ○C Mean air temperature

u2 m/s Wind speed at 2 m height

es kPa Saturation vapor pressure

ea kPa Actual vapor pressure

2.2.2 Statistical Models

Penman-Monteith ETo values (EToPM), which were taken as benchmarks for the MLR and ANN

models, were calculated. Daily ETo was calculated using coding and a total of ten variables, including

Tmax , Tmin , n, uz , RHmax , RHmin , z,Y ,N and Ra in the PM Eq. (1).�ree scenarios were created using cli-

mate data in the PMmethod to estimate the ETo value statistically. Scenario 1:MLR1 and ANN1 analyses for

individual stations; Scenario 2:MLR2 and ANN2 analyses for combined stations Tmax , Tmin , n, uz , RHmax ,

and RHmin a total of six variables; and Scenario 3: For stations with combined MLR3 and ANN3 analyses,

Y and N data were added to the �le and datasets with a total of eight variables were created (Table 2). �e

primary aim of the scenarios presented in Table 2 is to achieved the most accurate estimation with the least

number of input variables.�is approach is particularly important due to the practical limitations associated

with meteorological data, such as missing records, the cost and e�ort of data acquisition, and the variability

in station data availability and reliability. In Scenarios 1 and 2, the same set of variables was used; however,

Scenario 1 analyzed the stations individually, while Scenario 2 analyzed them collectively. �is structural

di�erence highlights the impact of spatial data integration on the model performance. Scenario 3, on the

other hand, di�ered from the �rst two by incorporating a larger number of variables, aiming to explore

the e�ect of enhanced input richness on the accuracy of the ETo estimation.�ese models were created by
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analyzing the data according to scenarios, and by estimating the ETo value, the models were compared using

both error rates and maps.

Table 2: PM benchmark, the scenarios and the model schedules

Scenarios Models �e ETo

estimation

methods

Type of the

estimation

methods

Meteorological data

(Dependent variables)

Benchmark PM Penman-

monteith

Empirical Tmax , Tmin , n, uz , RHmax , RHmin , z ,Y ,N and Ra

Analysis of single AWOS

Scenario 1
MLR1 Multiple Lineer

Regression
Statistical Tmax , Tmin , n, uz , RHmax , RHmin

ANN1 Arti�cial Neural
Network

Statistical Tmax , Tmin , n, uz , RHmax , RHmin

Analysis of all AWOS together

Scenario 2
MLR 2 Multiple Lineer

Regression
Statistical Tmax , Tmin , n, uz , RHmax , RHmin

ANN2 Arti�cial Neural
Network

Statistical Tmax , Tmin , n, uz , RHmax , RHmin

Scenario 3
MLR3 Multiple Lineer

Regression
Statistical Tmax , Tmin , n, uz , RHmax , RHmin , Y, N

ANN3 Arti�cial Neural
Network

Statistical Tmax , Tmin , n, uz , RHmax , RHmin , Y, N

�e height at which the wind was measured (z) at all stations was 10 m, and it had the same value.

�e altitudes of the station points above sea level (Y) are the same within themselves when the stations are

analyzed separately, but they vary for each station point in the combined dataset. Because the latitudes of the

station points do not vary much, the value varies little, but the value does not change and is the same for all

station points. While each station is analyzed individually, since the data is the same, they are excluded from

the analysis and must therefore be ignored. Only values were ignored when analyzing the combined data as

a whole. As a result, the variable numbers in the column of the dataset organized in a matrix format were

clari�ed. Table 2 shows the schedules of scenarios for the models according to the ETo estimation methods,

type of estimation method, and meteorological data (dependent variables).

Multiple Linear Regression Analysis

Regression analysis is a statistical tool for investigating variables [60]. Statistical models are produced

to re�ect an event or any object aspect and are adapted for various reasons. �e aim of regression analysis

is to build mathematical models that describe or explain relationships that exist between independent

variables [61]. A model is created by �nding coe�cients using the least squares method. With the help of

the model in Eq. (2), the dependent variable y′ can be estimated.�e di�erence (implus) between the actual

observation value (y i) and the estimated value ( ŷ i) is the amount of error expressed (ǫ) as a residual. In

theory, the residuals sum to zero. In practice, the sum may not be exactly zero due to rounding.�e sum of

the residuals in any regression problem is always zero when there is a β0 term in the model as a consequence

of the �rst normal equation.�e closer the points are to the Regression Line of the point distributions plotted

on the x-y axes of the actual observation value (y i) and predicted value ( ŷ i), themore accurate themodel [62].

Multiple regression analysis is used to obtain the correct result by using more than one variable, and its



440 Revue Internationale de Géomatique. 2025;34

mathematical model is as shown in Eq. (2) [60,62,63].

y = β0 + β1x1 + β2x2 + . . . + βkxk + ε (2)

Eq. (2) explanation of the mathematical model [63]:

x1 , x2 , . . . , xk : Independent variables [maximum and minimum air temperature (Tmax and Tmin),

actual hours of sunshine (n), wind speed measured at z m height (uz), maximum and minimum relative

humidity (RHmax) and RHmin]

y: Dependent variable [Reference crop evapotranspiration (ETo)]

β0 , β1 , β2 , . . . , βk :�e coe�cients, estimated by the method of least squares

ε: Margin of error (ε = the residual = y i − ŷ i)
It is understood fromANOVAand the F-statistic whether the regressionmodel is signi�cantly explained

by the independent variables. As a result of ANOVA, if the F value is p < 0.05, the signi�cance level is checked.
It aids in determiningwhether themodel is appropriate and contributes signi�cantly to the explanation of the

model’s dependent variable.�e R2 value expresses what percentage of the variance in the dependent variable

can be explained by the independent variable [64]. R2 takes a value between zero and one. A high R2 value

indicates that the regression model explains the variation in the dependent variable well [60].

In the present study, regression analysis was used to describe the relationship between independent

variables, such as maximum and minimum air temperature, actual hours of sunshine, wind speed, and

maximum and minimum relative humidity, as well as to predict the ETo dependent variable.

Arti�cial Neural Network

�e nervous system in the human brain is stimulated by the arti�cial neural network. Learning is

accomplished by varying the strengths of synaptic connections between neurons [65]. Arti�cial neural

networks, which are made up of a complex network structure of arti�cial neurons, function similarly to the

workings of the human brain [66,67].�ese neurons process the input data and calculate the weights before

running the activation function and determining the output [65].

A wide variety of architectures exist, starting from a simple single-layer perceptron to complex multilayer

networks [65]. “�ere are connections back from the output neurons to the input neurons, and as such the

network holds in memory of its previous states and the next state depends on current input signals and the

previous states of the network.” [67]. It can consist of a single layer of neurons with each neuron feeding its

output signal back to the inputs of all the other neurons [68,69].�emost widely utilized activation functions

in ANN are linear and sigmoid (Eq. (3)) functions [41,70,71]. Because the ETo value is included in the ANN

analysis, the network is trained using supervised learning.�e present study employed feedback, and given

that the activation function data falls between 0 and 1, the sigmoid function is the preferred choice (Fig. 3).

y = 1

1 + e−x (3)

In the present study, ANN analysis was done by combining the data from a total of 36 stations and using

six and eight variables. A�er normalizing the entire dataset without separating the training and test data, the

6448 data were divided into two groups: 4340 were training data (70%), and 2018 were test data (30%). Input

data with the data from six and eight variables and target data with ETo values determined using the PM

method were recorded in separate tables.�us, ANN analysis was performed using the supervised learning

process. �e ANN structure, similar to the others, was edited with 40 neurons and 5000 epochs using the
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sigmoid (log sig) activation function.�e estimated output training and test results were denormalized, and

the ETo prediction values were calculated as the coding progressed.

Figure 3: ANN structure of ETo with criteria and sigmoid function

2.3 Statistical Performance Analysis

�e ETo values (EToPM) calculated by the PMmethodwere accepted as real, and the accuracy of the ETo

prediction values (EToMode l ) obtained by theMLR andANNmodels was investigated. For this, performance

analyses made up of commonly used R2, Mean Absolute Error (MAE), Mean Absolute Percentage Error

(MAPE), andRootMean SquaredError (RMSE) rateswere applied [20,22,24,72–74]. R2 (Eq. (4)), also known

as the Coe�cient of Determination in statistics, was used to �nd a group of sample correlations and is desired

to be as close to 1 as possible [75].�eMAE is equal to the average absolute di�erence between the and values

(Eq. (5)). MAPE is calculated as a percentage by averaging the absolute di�erences between the and values to

the value (Eq. (6)).�e RMSE is equal to the square root of the sum of the squares of the di�erence between

the value and the value (Eq. (7)). “�e estimated data agree perfectly with the reference data when RMSE is

0.” [76].
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�e explanations for the expressions in Eqs. (4)–(7) are as follows:

R2 = 1 − ∑n
i=1 (EToPM − EToMode l)2
∑n

i=1 (EToPM − EToPM)2 (4)

MAE = 1

n
∑n

i=1 ∣EToPM − EToMode l ∣ (5)

MAPE = [ 1
n
∑n

i=1
∣EToPM − ETomode l ∣

EToPM
] ∗ 100 (6)

RMSE =
√

1

n
∑n

i=1(EToPM − EToMode l)2 (7)

3 Results

3.1 Application of Regression Models

ForMLR analysis, a�er normalizing the data from each station, only the training dataset was transferred

to the SPSS package program.�e training dataset, which included 124 lines for 32 stations and 93 lines for

four stations, was analyzed, and a mathematical model with six dependent variables was created. According

to the MLR1 models in Scenario 1, 36 models for 36 stations were obtained (Appendix C). �e predictive

values of ETo were calculated in these models by substituting them into the normalized training and test

datasets. Because the estimated ETo values ranged from 0 to 1, they were converted and denormalized. In

other words, because the model was obtained with normalized values, the denormalized predictive value of

ETo was found a�er calculating the normalized predictive value of ETo.

MLR was applied to each station’s data separately, and it was determined that the coe�cients of each

model di�ered.�e coe�cients of the 36 models were ranked for six variables beginning with 1 in order of

absolute value from largest to smallest, and the highest numbers of the variables were marked and evaluated

by summing the 1–6 point numbers.�e coe�cients of actual hours of sunshine (n) in 18 models and wind

speed (uz) in 15 models are in the �rst place and have the highest values, according to the evaluation of 36

MLR1 models at the stations. Maximum air temperature (Tmax) comes in second place in 19 models and

third place in 13 models. Minimum relative humidity (RHmin) came in fourth in 21 models, minimum air

temperature (Tmin) came in ��h in 16 models, and maximum relative humidity (RHmax) came in sixth in 18

models. When the coe�cients’ signs were examined, it was discovered that the model’s sign was positive, as

the water requirements of the plants increased with air temperature (Tmax , Tmin), actual hours of sunshine

(n), and wind speed (uz). Because humidity reduces the plant’s need for water, it has the opposite sign of the

others and is negative (Appendix C).

When MLR was applied to all stations with six (MLR2) and eight (MLR3) variables, the �rst four rows

in absolute value from the largest to the smallest did not change in either model. �e coe�cients of MLR2

and MLR3 models are uz (0.650; 0.636), Tmax (0.319; 0.339), n (0.282; 0.283) and RHmin (−0.138; −0.122),
respectively.When the wind speed (uz) with the highest coe�cient increases by one unit in theMLR2model,

the ETo increases by 0.650 units; when the maximum air temperature (Tmax) increases by one unit in the

MLR3 model, the ETo increases by 0.339 units.�e MLR2 and MLR3 models’ ��h and sixth rows alternate

between RHmax and Tmin . Except for the “constant coe�cient (β0; Constant),” the signs of the coe�cients

in the MLR2 and MLR3 models were found to be the same as those in the 36 stations, the models where

the calculations were made separately. �ere are positive Y and negative N variables in the last two rows

when the daily possible maximum daylight hours (N) and elevation (altitude) above sea level (Y) variables

are added to the MLR analysis. MLR2 and MLR3 models’ R2 values are 0.965 and 0.968, respectively, and
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the variables adequately explain to the model because they are close to 1.�e signi�cance of F–Test is 0.000

and the models are signi�cant since p < 0.05 (Table 3).
Table 3: Model coe�cients of MLR2 and MLR3

Scenario 2: MLR2 Scenario 3: MLR3

# Unstandardized coe�cients Unstandardized coe�cients

β *Std.Error t Sig. β Std.

Error

t **Sig.

Constant 0.038 0.003 12.399 0.000 −0.015 0.004 −3.441 0.001

Tmin (
○C) 0.058 0.005 11.355 0.000 0.107 0.006 18.849 0.000

Tmax (
○C) 0.319 0.005 58.598 0.000 0.339 0.005 63.673 0.000

n (h) 0.282 0.002 155.081 0.000 0.283 0.002 154.986 0.000

uz (m/sn) 0.650 0.006 112.315 0.000 0.636 0.006 113.202 0.000

RHmin (%) −0.138 0.004 −36.805 0.000 −0.122 0.004 −32.972 0.000

RHmax (%) −0.091 0.003 −33.668 0.000 −0.081 0.003 −30.257 0.000

N (h) −0.007 0.002 −4.778 0.000

Y (m) 0.034 0.002 19.281 0.000

R 0.982 0.984

R2 0.965 0.968

Ad justed R2 0.965 0.968

Std. Error of

the Estimate

0.022 0.021

F − Test 19,883.500 16,252.300

F − Test’
Sig.

0.000 0.000

Note: *Std.: Standard; **Sig.: Signi�cance.

3.2 Application of ANNModels

ANN Analysis: For each of the 36 stations, it was performed using six variables with coding written in

the Matlab program. In the coding: Firstly, the entire dataset was normalized without separating training

and testing, and then 124 data for 32 stations and 93 data for four stations were analyzed as a 70% training

dataset. Veri�cation was performed using 62 data for 32 stations and 31 data for four stations, with a 30%

test dataset. In the multilayer perceptron structure of ANN, it was edited with 40 neurons and 5000 epochs

using the sigmoid (log sig) activation function. In the next step of the coding, the estimated output training

and test results were denormalized, and the ETo prediction values were calculated.

For ANN1 model analysis, 5000 epoch iterations were completed in 10 s.�e Mean Squared Error was

observed to decrease towards zero at approximately 1000 epochs and to be very close to zero (2.2304 − 5) at
5000 epochs.�e R value of the training data is 0.99976, which performed very well in themodel description,

and the R2 is 0.9995, which is very close to one (Fig. 4).
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Figure 4: Training of theANN1model ofMersin (7) station (a), Training performence ofANN1 (b) ve error distribution
of ANN1 training dataset (c)

�e codes were run with six variables for the ANN2 model, and 5000 epoch iterations were done in

one minute and 24 s. Likewise, iteration with eight variables in ANN3 took one minute and 25 s.�e Mean

Squared Error decreased towards zero at about 500 epochs and was close to zero (5.5026 − 5) a�er 5000

epochs, indicating that the ANN2 model performed very well.�e Mean Squared Error decreased towards

zero at approximately 750 epochs andwas very close to zero (9.168− 5) at 5000 epochs as a result of theANN3
model. �e R-value in the ANN2 and ANN3 models of the training data is 0.99794, 0.99656, respectively,

and in the model description, R2 is 0.99588, 0.99313, indicating that the model is very close to one and

well explained.

3.3 Comparison of Model Performances

MLR and ANN analyses were used to create models from the training data. Separate performance

analyses of training and test data were carried out. Totally 76 models were produced which are 36 MLR1, 36

ANN1, andMLR2, ANN2, MLR3, and ANN3. MLR 1 and ANN1 were compared to each other �rst, and then

all models were compared to each other. Finally, due to the 6448 data density, the performances of the MLR

and ANNmodels in scenarios 1, 2, and 3 were only examined for the Mersin station.

Separate models were created with each station’s data in the MLR1 and ANN1 models, and their

performanceswere evaluated separately. R2,MAE,MAPE, andRMSEvalueswere examined for performance.
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When a total of 72 models, including MLR1 and ANN1, from 36 stations were examined, the model of R2

Çamlıyayla (18) station had the highest training data, and when combined with errors, Erdemli was the most

successful station (13).

�e training and test model performances of 36models were evaluated separately.While examining the

high performance of the trainingmodels, the highest values in R2 and the lowest values in errors were taken

into account. It was observed that among the MLR1 models with the best performance, Alanya (4) MAE,

MAPE, and RMSE values were 0.0341, 0.7790%, 0.0513, and Aladağ (24) R2 0.9946, respectively, among the

ANN1 models, Çamlıyayla (18), R2 0.9997, RMSE 0.0162, and Erdemli (13) MAE, MAPE and RMSE values

were 0.0105, 0.2718% and 0.0162, respectively. �e best of these stations is Erdemli (13) station, which uses

ANN1 model data and has a very successful performance with 0.9994 on R2. While examining the low

performance of the trainingmodels, the lowest values in R2 and the highest values in errors were taken into

account. Among 36 models, the error rates with the lowest performance were determined. In MLR1 models,

Aydıncık (19) R2 0.9582, Ayrancı (22) MAE 0.1352, RMSE 0.1919, and Çamardı (23) MAPE 3.1262%, and

in ANN1 models, Alanya (4) R2 0.7234, Mut (12) MAE 0.7143 with RMSE 0.7617, and Kızılbağ (29) MAPE

15.0142%. A�er themodels of all stationswere examined together, it was clear thatMLR1models outperform

ANN1 models. MAE, RMSE, and MAPE values of Mut (12), Çamardı (23), Kızılbağ (29), and Akdere (35)

stations were found to have excessive deviations in training ANN1 models (Fig. 5a).

Figure 5: MLR1 and ANN1 training (a) and testing (b) performances
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�e performance of the testing models was also evaluated in the same way that the training models

were. Çukurova (25) R2 0.9888 and Erdemli (13)MAE,MAPE, and RMSE stations with the best performance

among MLR1 models had the values of 0.0831, 1.7667 percent, and 0.1091, respectively.�e stations with the

best performance in ANN1 models are Erdemli Tömük (27) R2 0.9743, Erdemli (13) MAE 0.1473 and RMSE

0.1729, and Karataş (16) MAPE 3.2407 percent.�e best of these stations was the Erdemli (13) station, which

had the data made from ANN1 model data and achieved a very successful performance of 0.9994 on R2.

�e Erdemli station performs well in both training and testing models. However, while ANN1 was the best
in the Erdemli station’s training model, MLR1 was the best in the testing model. �e low performance of

the testing models was also evaluated in the same way that the training models were. Çamardı (23) is the
worst-performing station inMLR1 models, with R2, MAE,MAPE, and RMSE values of 0.8789, 0.3055, 7.1726
percent, and 0.5219, respectively. Kızılbağ (29), R2 with 0.2037 is very low in ANN1 models. R2 values in
Gazipaşa (14) 0.4595, Alanya (4) 0.5241, Aladağ (24) 0.5415, and Gülnar (17) 0.5774, which were close to this
value, are also low. R2 values for 31 stations other than these �ve are above 0.70. Aladağ (24) performs the
worst, with MAE, MAPE, and RMSE values of 0.6545, 13.7041 percent, and 0.9604, respectively. When the
models of the entire stationwere examined in aggregate, it was discovered that theMLR1models performed
better in the testing models.

Furthermore, the performance of the trainingmodels outperforms the testingmodels.�emain reason
for this is that the ETo is estimated by reusing the data that was used to create the model. �e MAE, RMSE,
andMAPE values of Alanya (4), Aydıncık (19), Aladağ (24), Kızılbağ (29), Halkapınar İvriz (32) stations were
found to have excessive deviations in the testing ANN1 models (Fig. 5b). It was observed that the columns
formed by the MAE and RMSE values in the graph and the lines formed by the MAPE value continue in
parallel in both MLR1 and ANN1 models (Fig. 5a,b).

EToPM value; on the graph, an example of aMersin station was shown to compare theMLR1 andANN1,
MLR2 and ANN2, and MLR3 and ANN3 models. A similar situation was observed at the other stations as
well. According to the Mersin station data analysis, while the MLR1 model coincidence with the EToPM
value better in the training dataset, themodel coincidence was good in the testing dataset (Fig. 6).�eANN1
model had slightly less coincidence with the EToPM than MLR1 (Fig. 6a). In other models, the opposite was
the case, withANN2 andANN3models coincidence better with EToPM value thanMLR2 andMLR3models.
Because it was estimated using its own data, the training dataset produced better results than the testing
dataset (Fig. 6b,c).

Figure 6: (Continued)
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Figure 6: ETo values of Mersin station (a–c)

When the MLR2, ANN2, MLR3, and ANN3 models’ performances were compared, it was discovered
that MLR1, and ANN1 performed better than the others. It was determined that MLR2, ANN2, MLR3, and
ANN3models performed better than regression models in ANNmodels.�e ANN2model has six variables
and an R2 value of 0.9958 for the training dataset and 0.9844 for the testing dataset, making it the best model
as the closest model to one. In the training dataset, the MAE, MAPE, and RMSE of the ANN2 model are
0.0678, 1.5341%, and 0.0864, respectively; in the testing dataset, 0.1387, 3.0387%, and 0.1844 were found to
have less error than other models (Table 4).

Table 4: Performances of training and testing dataset in MLR2, ANN2, MLR3 and ANN3 models

Training dataset Testing dataset

MODEL R2 MAE MAPE (%) RMSE R2 MAE MAPE (%) RMSE

MLR 2 0.9637 0.1295 3.1085 0.1922 0.9192 0.2159 4.4846 0.3452
ANN2 0.9958 0.0678 1.5341 0.0864 0.9844 0.1387 3.0387 0.1844
MLR3 0.9667 0.1217 2.8997 0.1843 0.9286 0.2036 4.2113 0.3294
ANN3 0.9930 0.0781 1.7750 0.1016 0.9786 0.1485 3.1476 0.2011
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�e graph depicts the point distributions between the estimated ETo values obtained from the models
and EToPM , as well as the line equation (Fig. 7). When the line equations were examined, it was determined
that ANN is superior to MLR analysis, and the model with the closest equation to the line (y = 0.9984x) in
the training dataset is MLR3. �e equations of the ANN2 and ANN3 models in the training dataset were
found to be identical. In the regression analysis, the MLR3 model appears to perform better than the MLR2,
whereas the ANN appears to perform in the opposite way.�e six variables ANN2 model outperformed the
eight variables ANN3 model (Fig. 7a,d).

Figure 7: Distribution of model data and line equation (a–d)

4 Discussion

�e present study used both empirical and statistical methods to determine the ETo value of Mersin
province between May 2015 and 2020. According to the results of the collective station analysis, ANN was
found to be the closest model to the EToPM values that were found by the empirical method, while MLR,
one of the statistical methods, had only a good result. Unlike previous studies, this is the �rst for Mersin,
which is located in the Mediterranean and is supported by geographic information systems, which are also
among modern information systems. �e values found were presented with maps.

With the collective analysis of the stations, the MLR3 model performed successfully with 0.9667, 0.1217,
2.8997%, and 0.1843 values for the training dataset and 0.9286, 0.2036, 4.2113%, and 0.3294 for the testing
dataset, respectively (Table 4). In studies that performed ANN analysis for ETo estimations, the multilayer
perceptron algorithm and sigmoid [51,73,77], hyperbolic tangent [19], or both [39] activation functions are
commonly used. In the present study, the sigmoid function was used and solved with 5000 iterations. �e
collective analysis of the stations in the ANN method was found to be far more successful than the general
cases of individual analyses.�e stations that performed the best in terms of R2 value according to the ANN1
models in the analysis of the stations separately were Çamlıyayla (18) 0.9997 for the training dataset and
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Erdemli Tömük (27) 0.9743 for the testing dataset. In terms of MAE, MAPE, and RMSE values, Çamlıyayla
(18) RMSE was 0.0162, and Erdemli (13) stations were 0.0105, 0.2718% for the training dataset and 0.0162,
respectively, and in the testing dataset, Erdemli (13) stations MAE (0.1473) and RMSE (0.1729) and Karataş
(16) stationsMAPE (3.2407%)were the stationswith the highest performance and the lowest error.�eMAE,
MAPE and RMSE of the ANN2 model were 0.0678, 1.5341%, and 0.0864 for the training dataset, 0.1387,
3.0387%, and 0.1844 for the testing dataset, respectively (Table 4). At Mersin station, the ANN2 model was
very close to EToPM . When EToPM and ANN2 data distributions were examined, R2 was 0.9958 in training
and 0.9844 (Table 4) in testing, and the ANN2model performed very well in terms of both performance and
visual maps (Fig. 8).

Figure 8: 2015–2020 total crop evapotranspiration for May
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While ETo values were calculated and found using the PM method with ten variables, stations were
analyzed using six variables in MLR and ANN analyses, and all stations were analyzed using both six and
eight variables. MLR1 and ANN1 performance vary in each station. It was observed that the regression
analysis performed better in the performance of the analyses performed separately for each station, whereas
theANN results performed better in the overall analysis. Because theMLR1 andANN1models were analyzed
separately, the R2 and error rates were also analyzed separately. However, since the MLR2, ANN2, MLR3,
and ANN3 models were analyzed collectively, the station errors were calculated collectively as well.

GIS is used for spatial analysis andmapping. Since it is not always possible to establish stations in or near
agricultural areas, GIS plays an important role in estimating crop evapotranspiration by producing maps
with the spatial distribution. Because stations are not located everywhere and the ETo value is required in
every agriculturally signi�cant location, spatial interpolation methods are essential to creating maps [78].
Kriging [79,80], Ordinary Kriging (KO) [81], Universal Kriging (KU) [82], kriging with external dri�
(KED) [58], and IDW [83,84] methods were used for calculating reference crop evapotranspiration (ETo)
and its visualization, interpretation [85], spatial estimation, and comparison of models. In addition to these
methods, interpolation wasmade with a spline with tension, a thin-plate spline, and a completely regularized
spline [86].

In the present study, maps were created using IDW, and the total monthly ETo value was calculated
using PM, MLR, and ANN methods with the assistance of GIS. �e similarities and di�erences between
PM and models were compared by examining the spatial distribution of ETo values. �ese maps allow
for a more rapid and practical visual evaluation of the models. Furthermore, irrigation planning can be
e�ectively conducted by estimating ETo values for locations lacking nearby meteorological stations, thus
enabling better water resource management in remote or under-monitored agricultural areas. By utilizing
data measurable from Automatic Weather Observation Systems (AWOS), long-term estimations can be
made for irrigation planning. As AWOS data continues to be collected, more up-to-date and accurate
estimations can be generated, allowing the implementation of dynamic and responsive irrigation programs.
�is approach supports the optimization of irrigation schedules, reduces water waste, and enhances crop
productivity. �e methodology and �ndings of this investigation serve as an invaluable guide for other
researchers aiming to develop region-speci�c evapotranspiration models and for policymakers designing
sustainable agricultural water use strategies across the country.

�e station-based “MLR1 2020” (Fig. 9b) and aggregated data-based “ANN2 2020” (Fig. 9c) models,
which have the best visual resemblance to the PM-ETo2020 map (Fig. 9a), were also investigated by taking
into account agricultural lands that are predominantly composed of citrus orchards. It was observed that crop
water consumption increased in the Tarsus (southeast) region, where agricultural lands are dense. Another
district that is dense in terms of agricultural land is the Mut (Northwest) region, and it was determined that
the water consumption was high (Fig. 9).
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Figure 9: EToPM 2020, MLR1 2020 and ANN2 2020 Reference Crop Evapotranspiration Maps (a–c)

5 Conclusions

In the present study, the Penman-Monteith method was used to determine and map how much water
the reference grass crop requires for Mersin. When the total May ETo values between 2015 and 2020 were
examined, it was observed that they continued to increase year a�er year while the crop’s water requirement
increased. �e amounts of 95–119 mm/month seen in EToPM 2016 were no longer seen in EToPM 2020; on
the contrary, the highest amounts, such as 170–185 mm/month, were found. �e main reason for this is an
increase in temperature, a decrease in humidity, and a decrease in precipitation.�e signi�cance of water and
irrigation becomes increasingly obvious each year.�erefore, these maps will serve as a useful starting point
for planning irrigation and drainage projects and preventing excessive water loss. Making a crop pattern
map of agricultural products in Mersin is essential for determining the water consumption amounts of each
crop separately.

�e uniqueness of this study is that the climate data is in the form of time series, and the training data
(2015–2018) and test data (2019–2020) are separated by years and analyzed separately and together in the same
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study. In most studies, all of the months in a year are chosen; however, in this study, only the data fromMay,
which is one of the vegetation periods, are taken into account. With six variables, each station was analyzed
separately, andMLR1 and ANN1 models were produced. MLR3 and ANN3models were obtained with eight
variables combining all station data and MLR2 and ANN2 with six variables, and variables added. Among
these, the ANN2 model combined with the MLR1 model at Erdemli (13) station had the best performance
with its R2, MAE, MAPE, and RMSE values.

Raw �les of climate data will be examined and read directly in the Python programming language in
future studies. Actual hours of sunshine (N) and extraterrestrial radiation (Ra) data will be determined by
calculating the latitude information of the stations rather than obtaining the data from the relevant tables.
It is aimed to determine the water consumption of the most common locally grown crops (lemon, olive,
strawberry, banana, peach, carob, etc.) and associate themwith themap, as well as present them interactively
on the internet by providing a link during themap production phase, based on the ETo values estimated from
climate data. A deep learning technique, a sophisticated subset of Arti�cial Neural Networks (ANN), will be
utilized to determine the model that most accurately represents real-world situations. Experimental studies
will be performed utilizing diverse data combinations, including meteorological variables like precipitation
and air pressure.
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Symbols

EToPM Calculated ETo by the Penman–Monteith method mm/day
EToPM Mean of EToPM values mm/day
EToMode l Calculated ETo by MLR or ANN mm/day
EToMode l Mean of calculated ETo by MLR or ANN mm/day
i 1, 2, 3, . . ., n
n �e number of data
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Appendix A

Table A1: Symbols (Allen et al., 1998) [8]

No. Symbol Explanation Units No. Symbol Explanation Units

Measured climate data Calculated intermediate values

1 Tmin,○C Minimum air
temperature

○C 16 T Mean of Maximum
and Minimum air

temperature

○C

2 Tmax,○C Maximum air
temperature

○C 17 Tmin,K Daily minimum
absolute

temperature (K =○C + 273.16)
K

3 RHmin Minimum relative
humidity

% 18 Tmax,K Maximum absolute
temperature per

day
(K = ○C + 273.16)

K

4 RHmax Maximum relative
humidity

% 19 P Atmospheric
pressure

kPa

5 uz Wind speed
measured at z m

height

ms−1 20 λ Latent heat of
vaporization

MJ kg−1

6 n Actual hours of
sunshine

h 21 γ Psychrometric
constant

kPa ○C−1

22 Rso Clear-sky solar
radiation

MJ m−2
day−1

7 φ, θ Latitude and
longitude

○ 23 Rs Solar or shortwave
radiation

MJ m−2
day−1

8 Y Elevation (altitude)
above sea level

m 24 Rns Net shortwave
radiation

MJ m−2
day−1

9 z Height at which
wind speed is
measured

m 25 e0 (T) Saturation vapour
pressure at air
temperature T

kPa

26 es Mean saturation
vapour pressure

kPa

10 N Daylight hours h 27 ea Actual vapour
pressure

kPa

11 Ra Extraterrestrial
radiation

MJ m−2
day−1

28 Rnl Net longwave
radiation

MJ m−2
day−1

29 Rn Net radiation at
the grass surface

MJ m−2
day−1

12 cp Speci�c heat at
constant pressure

MJ kg−1○C−1
30 ∆ Saturation slope

vapour pressure
curve

kPa ○C−1

(Continued)
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Table A1 (continued)

No. Symbol Explanation Units No. Symbol Explanation Units

13 α Albedo – 31 u2 Wind speed
measured at 2 m

height

ms−1

14 σ Stefan-Boltzmann
coe�cient

4.903
10−9 MJ
K−4 m−2
day−1

32 ETo Reference
evapotranspiration

mm
day−1

15 G Soil heat �ux
density

MJ m−2
day−1

33 ET Evapotranspiration mm
day−1

Appendix B

Table A2: Penman-Monteith Equations (Allen et al., 1998) [8]

1 T = Tmin ,○C + Tmax ,○C

2
8 Rs = (0.25 + 0.50 n

N
) Ra

2 Tmin ,K = Tmin ,○C + 273.16 9 Rns = (1 − α) Rs

3 Tmax ,K = Tmax ,○C + 273.16 10 e0 (T) = 0.6108ex p [ 17.27T

T + 237.3
]

4 P = 101.3 ( 293 − 0.0065Y

293
)5,26 11 e0 (Tmax) = 0.6108ex p [ 17.27Tmax

Tmax + 237.3
]

5 λ = 2.501 − (2.361−3T) 12 e0 (Tmin) = 0.6108ex p [ 17.27Tmin

Tmin + 237.3
]

6 γ = cpP

0.622λ
13 es = e0 (Tmax) + e0 (Tmin)

2

7 Rso = (0.75 + 2−5Y) Ra 17 Rn = Rns − Rnl

14 ea = RHor t

100
(es) ea =

e0 (Tmin) RHmax

100
+ e0 (Tmax) RHmin

100
2

15 ea = e0 (Tmin)%RHmax + e0 (Tmax)%RHmin

2

16 Rnl =
σ [ (Tmax ,K)4 + (Tmin ,K)4

2
] (0.34 − 0.14

√
ea)(1.35 Rs

Rso

− 0.35)

18 ∆ = 4098e0(T)

(T+237.3)2
19 u2 = uz

4.87

l n (67.8z − 5.42)

20 ETo =
0.408∆ (Rn − G) + γ

900

T + 273
u2 (es − ea)

∆ + γ (1 + 0.34u2) (1)
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Appendix C

Table A3:Mathematical models of MLR1 scenarios

No. Scenario �e name of

AWOS

Multiple linear regression models

Each

1

Scenario 1

Karaman ETo = (+0.049) + 0.072 ∗ Tmin + 0.274 ∗ Tmax + 0.343 ∗ n + 0.419 ∗ uz − 0.124 ∗ RHmin −

0.075 ∗ RHmax

2 Ereğli ETo = (−0.009) + 0.070 ∗ Tmin + 0.320 ∗ Tmax + 0.350 ∗ n + 0.351 ∗ uz − 0.074 ∗ RHmin −

0.033 ∗ RHmax

3 Niğde ETo = (+0.011) + 0.040 ∗ Tmin + 0.334 ∗ Tmax + 0.287 ∗ n + 0.378 ∗ uz − 0.083 ∗ RHmin −

0.098 ∗ RHmax

4 Alanya ETo = (+0.077) + 0.123 ∗ Tmin + 0.251 ∗ Tmax + 0.545 ∗ n + 0.168 ∗ uz − 0.166 ∗ RHmin −

0.055 ∗ RHmax

5 Anamur ETo = (−0.019) + 0.094 ∗ Tmin + 0.378 ∗ Tmax + 0.476 ∗ n + 0.251 ∗ uz − 0.167 ∗ RHmin −

0.043 ∗ RHmax

6 Silifke ETo = (−0.045) + 0.127 ∗ Tmin + 0.252 ∗ Tmax + 0.438 ∗ n + 0.343 ∗ uz − 0.036 ∗ RHmin −

0.056 ∗ RHmax

7 Mersin ETo = (−0.105) + 0.142 ∗ Tmin + 0.263 ∗ Tmax + 0.696 ∗ n + 0.394 ∗ uz − 0.128 ∗ RHmin −

0.035 ∗ RHmax

8 Adana Bölge ETo = (+0.072) + 0.055 ∗ Tmin + 0.305 ∗ Tmax + 0.470 ∗ n + 0.232 ∗ uz − 0.127 ∗ RHmin −

0.068 ∗ RHmax

9 Ulukışla ETo = (+0.067) + 0.148 ∗ Tmin + 0.275 ∗ Tmax + 0.299 ∗ n + 0.303 ∗ uz − 0.199 ∗ RHmin −

0.055 ∗ RHmax

10 Pozantı ETo = (+0.023) + 0.102 ∗ Tmin + 0.365 ∗ Tmax + 0.366 ∗ n + 0.212 ∗ uz − 0.069 ∗ RHmin −

0.162 ∗ RHmax

11 Karaisalı ETo = (+0.029) + 0.123 ∗ Tmin + 0.209 ∗ Tmax + 0.356 ∗ n + 0.448 ∗ uz − 0.101 ∗ RHmin −

0.059 ∗ RHmax

12 Mut ETo = (−0.017) + 0.040 ∗ Tmin + 0.281 ∗ Tmax + 0.262 ∗ n + 0.491 ∗ uz − 0.081 ∗ RHmin −

0.067 ∗ RHmax

13 Erdemli ETo = (−0.113) + 0.256 ∗ Tmin + 0.240 ∗ Tmax + 0.541 ∗ n + 0.253 ∗ uz − 0.258 ∗ RHmin −

0.015 ∗ RHmax

14 Gazipaşa ETo = (−0.010) + 0.112 ∗ Tmin + 0.264 ∗ Tmax + 0.478 ∗ n + 0.281 ∗ uz − 0.140 ∗ RHmin −

0.032 ∗ RHmax

15 Tarsus ETo = (+0.072) + 0.054 ∗ Tmin + 0.300 ∗ Tmax + 0.541 ∗ n + 0.243 ∗ uz − 0.165 ∗ RHmin −

0.033 ∗ RHmax

16 Karataş ETo = (+0.080) + 0.146 ∗ Tmin + 0.294 ∗ Tmax + 0.503 ∗ n + 0.180 ∗ uz − 0.206 ∗ RHmin −

0.146 ∗ RHmax

17 Gülnar ETo = (+0.153) + 0.074 ∗ Tmin + 0.228 ∗ Tmax + 0.259 ∗ n + 0.415 ∗ uz − 0.129 ∗ RHmin −

0.118 ∗ RHmax

18 Çamlıyayla ETo = (+0.131) + 0.088 ∗ Tmin + 0.349 ∗ Tmax + 0.405 ∗ n + 0.157 ∗ uz − 0.211 ∗ RHmin −

0.111 ∗ RHmax

19 Aydıncık ETo = (−0.050) + 0.079 ∗ Tmin + 0.314 ∗ Tmax + 0.291 ∗ n + 0.252 ∗ uz − 0.104 ∗ RHmin −

0.041 ∗ RHmax

20 Silifke-
Uzuncaburç

ETo = (+0.090) + 0.081 ∗ Tmin + 0.272 ∗ Tmax + 0.257 ∗ n + 0.376 ∗ uz − 0.130 ∗ RHmin −

0.117 ∗ RHmax

21 Ermenek ETo = (+0.028) + 0.191 ∗ Tmin + 0.265 ∗ Tmax + 0.409 ∗ n + 0.424 ∗ uz − 0.150 ∗ RHmin −

0.090 ∗ RHmax

22 Ayrancı ETo = (+0.083) + 0.143 ∗ Tmin + 0.257 ∗ Tmax + 0.251 ∗ n + 0.399 ∗ uz − 0.153 ∗ RHmin −

0.095 ∗ RHmax

23 Çamardı ETo = (+0.098) + 0.138 ∗ Tmin + 0.246 ∗ Tmax + 0.247 ∗ n + 0.520 ∗ uz − 0.166 ∗ RHmin −

0.112 ∗ RHmax

24 Aladağ ETo = (+0.042) + 0.075 ∗ Tmin + 0.298 ∗ Tmax + 0.444 ∗ n + 0.252 ∗ uz − 0.138 ∗ RHmin −

0.034 ∗ RHmax

25 Çukurova ETo = (+0.269) + 0.010 ∗ Tmin + 0.402 ∗ Tmax + 0.316 ∗ n + 0.160 ∗ uz − 0.261 ∗ RHmin −

0.188 ∗ RHmax

26 Bozyazı ETo = (+0.044) + 0.115 ∗ Tmin + 0.311 ∗ Tmax + 0.409 ∗ n + 0.319 ∗ uz − 0.177 ∗ RHmin −

0.027 ∗ RHmax

27 Erdemli-Tömük ETo = (+0.131) + 0.107 ∗ Tmin + 0.324 ∗ Tmax + 0.346 ∗ n + 0.156 ∗ uz − 0.205 ∗ RHmin −

0.171 ∗ RHmax

(Continued)
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Table A3 (continued)

No. Scenario �e name of

AWOS

Multiple linear regression models

28 Toroslar-
Arslanköy

ETo = (+0.117) + 0.097 ∗ Tmin + 0.217 ∗ Tmax + 0.357 ∗ n + 0.266 ∗ uz − 0.127 ∗ RHmin −

0.089 ∗ RHmax

29 Toroslar-Kızılbağ ETo = (+0.124) + 0.112 ∗ Tmin + 0.256 ∗ Tmax + 0.419 ∗ n + 0.129 ∗ uz − 0.171 ∗ RHmin −

0.084 ∗ RHmax

30 Kazımkarabekir ETo = (+0.136) + 0.065 ∗ Tmin + 0.327 ∗ Tmax + 0.264 ∗ n + 0.466 ∗ uz − 0.203 ∗ RHmin −

0.132 ∗ RHmax

31 Sarıveliler ETo = (+0.170) + 0.209 ∗ Tmin + 0.213 ∗ Tmax + 0.303 ∗ n + 0.253 ∗ uz − 0.213 ∗ RHmin −

0.145 ∗ RHmax

32 Halkapınar İvriz ETo = (+0.099) + 0.040 ∗ Tmin + 0.304 ∗ Tmax + 0.215 ∗ n + 0.454 ∗ uz − 0.130 ∗ RHmin −

0.077 ∗ RHmax

33 Alanya Keşe�i ETo = (+0.079) + 0.084 ∗ Tmin + 0.302 ∗ Tmax + 0.390 ∗ n + 0.140 ∗ uz − 0.151 ∗ RHmin −

0.029 ∗ RHmax

34 Alanya Okurcalar ETo = (+0.130) + 0.057 ∗ Tmin + 0.351 ∗ Tmax + 0.335 ∗ n + 0.215 ∗ uz − 0.220 ∗ RHmin −

0.073 ∗ RHmax

35 Silifke-Akdere ETo = (+0.150) + 0.083 ∗ Tmin + 0.386 ∗ Tmax + 0.368 ∗ n + 0.420 ∗ uz − 0.235 ∗ RHmin −

0.171 ∗ RHmax

36 Başyayla ETo = (+0.115) + 0.113 ∗ Tmin + 0.304 ∗ Tmax + 0.234 ∗ n + 0.392 ∗ uz − 0.159 ∗ RHmin −

0.122 ∗ RHmax

ALL Tmax , Tmin , n, uz , RHmax , RHmin

37 Scenario
2

MLR2 ETo = (+0.038) + 0.058 ∗ Tmin + 0.319 ∗ Tmax + 0.282 ∗ n + 0.650 ∗ uz − 0.138 ∗ RHmin −

0.091 ∗ RHmax

ALL Tmax , Tmin , n, uz , RHmax , RHmin , N ,Y
38 Scenario

3
MLR3 ETo = (−0.015) + 0.107 ∗ Tmin + 0.339 ∗ Tmax + 0.283 ∗ n + 0.636 ∗ uz − 0.122 ∗ RHmin −

0.081 ∗ RHmax − 0.007 ∗ N + 0.034 ∗ Y
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