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Reference evapotranspiration (ETo ) is one of the most significant factors in the hydrological cycle since it has a great influence on
water resource planning andmanagement, agriculture and irrigation management, and other processes in the hydrological sector.
In this study, an efficient and local predictive model was established to forecast the monthly mean ETo t over Turkey based on the
data collected from 35 locations. For this purpose, twenty input combinations including hydrological and geographical pa-
rameters were introduced to three different approaches called multiple linear regression (MLR), random forest (RF), and extreme
learning machine (ELM). Moreover, in this study, large investigation was done, involving the establishment of 60 models and
their assessment using ten statistical measures. (e outcome of this study revealed that the ELM approach achieved high accurate
estimation in accordance with the Penman–Monteith formula as compared to other models such as MLR and RF. Moreover,
among the 10 statistical measures, the uncertainty at 95% (U95) indicator showed an excellent ability to select the best and most
efficient forecast model. (e superiority of ELM in the prediction of mean monthly ETo over MLR and RF approaches is
illustrated in the reduction of the U95 parameter to 49.02% and 34.07% for RF and MLR models, respectively. Furthermore, it is
possible to develop a local predictive model with the help of computer to estimate the ETo using the simplest and cheapest
meteorological and geographical variables with acceptable accuracy.

1. Introduction

1.1. Background. Global warming has become a great
concern of researchers and world leaders. It is well known
that the Earth surface temperature is increasing significantly
during the last decades [1, 2]. Water storage, hydrological
cycles, and, consequently, water availability are directly
affected by global warming [3–5]. (us, one of the most
essential indicators of climate change is the referenced

evapotranspiration (ETo), which is considered as the most
complicated element in the hydrological cycle [6–8].

ETo mainly occurs due to two complicated processes.
(e first is when water evaporates from the surface of the
soil, lakes, rivers, etc., and this process is called physical
evaporation. (e second process is the transpiration phe-
nomenon in crops and plants, which is called biological
transpiration [9, 10]. Undeniably, the evaporation process
requires energy to convert water from the liquid phase to the
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vapor phase. (erefore, the main parameters that affect the
ETo process is the sun radiation, wind speed and direction,
air temperature, and humidity [9–11]. In conclusion, the
EToalso represents the link between surface energy and
carbon cycle [12, 13]. Based on the stated literature, a precise
measurement and prediction of ETois essential for quanti-
fying surface energy and water reserves worldwide [14–16].
(us, providing accurate models for weather and climate
change diagnosis is crucial [14, 17–21].

1.2. LiteratureReview. Due to the significant effect of EToon
climate change, Earth temperature, crops and plants, water
management, and runoff quantity, many researchers have
studied the EToprediction over the last decades [9, 22–24].
(e Penman–Monteith (P − M) is the most widely used
model, and it is considered as a physical ETomodel as it is
an approximate linearized solution governing energy
balance, thermodynamic state, vertical heat, and water-
vapor diffusion [9, 23]. However, P − M requires many
meteorological data to be applied, which can be considered
as a drawback for this equation [25, 26]. In any case, there
are many models applied to estimate the EToaround the
world. Examples of such are the constant heat method by
including heat pulse [27, 28] and the Shuttleworth–Wallace
S-W method to estimate the transpiration from plants
[29–31]. It is worth mentioning that the number of em-
pirical equations for modeling the evaporation has
exceeded 100 due to the importance of ETomeasurements
and the variety of meteorological data around the world.
(erefore, it is impossible to decisively compare these
models [32–34].

Recently, the development of artificial intelligence has
received significant attention from communities in the
hydrological and environmental sciences, including water
treatment [35, 36], hydrology [37–41], water reservoir op-
timization [42–44], remote sensing applications [45, 46], etc.
Consequently, due to the highly nonlinear characteristics
associated with the ETodata, AI technology presented a
suitable modeling approach to solve many issues with the
empirical equations that has been used before [47]. Kumar
et al. utilized the artificial neural network (ANN) in 2002 for
predicting ETo, where different ANN architectures were
implemented for evaporation simulation. (e radial neural
network yielded the best results for evaporation simulation,
and it calculates the number of layers and neurons based on
a trial and error process. [48]. Many researchers have fol-
lowed his footprint in predicting ETo[49–52]. In addition, an
adaptive network-based fuzzy inference system (ANFIS) has
been used to predict ETo [53, 54]. (e ANFIS and ANN
techniques and empirical equations were used in the
evapotranspiration field, and it was found that the ANFIS
and ANN methods were much better than the empirical
equations. [55, 56]. However, it is well established that ANN
models easily get stuck in a local minimum, and, therefore,
recent studies have employed newmodels adopting other AI
techniques for ETomodeling [47]. Many approaches have
been utilized for this purpose, including support vector
machine SVM [53, 57, 58]. (e SVM is well known to have a

basic form, but one of the drawbacks of SVM is the unknown
parameter [59]. Another approach in the field of simulation
ETo data is genetic programming (GP). (is approach
consists of measurement programming capable of obtaining
input data and producing a nonlinear interaction between
data to determine the outputs [55, 60–62].

In order to enhance the ability of AI models, many
algorithms were associated with different AI methodologies,
including the use of wavelet transform regression model
[63], wavelet coupled with ANN [64, 65], and wavelet en-
hanced extreme learning machine [66]. Others utilize ran-
dom forest (RF) algorithm to enhance the AI techniques.
Due to its success over a variety of datasets, high precision
estimation, a small range of user-defined parameters, the
ability to estimate relative value of the variables, and its
ability to preclude overfitting, the RF approach has become
extremely popular in recent years [26, 34, 67, 68]. Recently,
due to its higher efficiency and much quicker calculation
speed, a newly proposed machine learning technology
called the extreme learning machine (ELM) has confirmed
it to be a promising ETo estimation tool [69]. First,
Abdullah et al. (2015) used ELM to forecast ETo at three
Iraqi stations and concluded that the ELM model is highly
efficient and computerized at high generalization speeds
[70, 71]. Ever since, the ELM for ETo predictions has been
used by many studies in different climate environments
[72–74]. To the best of the authors’ knowledge, all models
presented in the literature were established to simulate the
evapotranspiration using a single model for each location
or case study. Furthermore, some researchers employed
modern techniques and used different case studies, but they
could not produce a general model that could take into
account more than one case study. In this study, an effort is
being made to include a robust modeling methodology
using a variety of locations along the southern coast of
Turkey to create a comprehensive general model to forecast
ETo. (e other objective of the study is to predict mean
monthly ETofrom limited data, which can be easily
available.

1.3. Motivation of the Study. Due to the significance of ETo,
there are numerous studies that have been conducted to
estimate it, such as AI techniques and empirical models. In
general, these approaches achieved a satisfactory success.
However, creating one robust model for conducting local
ETothroughout a specific country based on data collected
from different sites is still considered as a challenging issue
that needs to be addressed. Moreover, recognizing the
statistical measures that are effectively used to assess the
feasibility of a certain model are also very significant in the
selection of the best predictive model. (us, in this study, a
broad investigation is performed using three different ap-
proaches, multiple linear regression (MLR), random forest
(RF), and extreme learning machine (ELM), based on twenty
combinations of meteorological and geographical indicators
constituting 60 predictive models. Moreover, there were 10
efficient statistical measures employed to assess the accuracy
of the performance for each model separately in accordance
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with the Penman–Monteith equation. Although the formula
of Penman–Monteith is well-known in the prediction of
ETo, it does pose some issues regarding the measurement of
some factors, which may not be relevant to every site such as
solar radiation and sensible heat flux into the soil. (erefore,
a robust local model is established in this study, which can
efficiently predict the local mean monthly ETo over the
southern coast of Turkey using conveniently and inexpen-
sively measurable parameters. Furthermore, the evaluation
of the outcomes of the models will be further assessed and
validated against the actual ETovalues, which are calculated
by the Penman–Monteith equation.

2. Case Study and Data Collection

In this study, the data collected from 35 meteorological
stations in Turkey are used. (e geographical location of
these stations covers large area located between a latitude
from 36° to 38°. Figure 1 shows the location of each me-
teorological station separately. It can be seen that the ma-
jority of these stations are located in the south of Turkey on
the coasts of the Mediterranean Sea. (e data collected from
the general directorate of Turkish state meteorological in-
cludes several long-term monthly meteorological data such
as temperature, humidity, wind speed, and reference
evapotranspiration. Furthermore, the dataset comprises of
the long-term mean monthly variables covering the period
from 1975 to 2010. (e highest temperature is recorded at
the Mut station at 46.7°C, while the lowest temperature is
recorded at Goksun station at −33.5°C. Figure 2 showed the
long-term monthly mean (ETo), overall in Turkey. It can be
observed that the highest value of (ETo) occurred in July
followed by June, August, and May, consecutively.

It is worth mentioning that Turkey primarily has a
complex climate due to its location and topography. (e
Mediterranean climate in southern Turkey is predominant
with warm and dry summers and wet and moderate to cold
winters. Continental weather is predominant in central
Turkey with warm and dry summers and cold winters. (e
oceanic atmosphere in northern Turkey is seen through
warm and rainy summers and cold and wet winters. (is
study ensures that the stations chosen to measure ETo are
spread nearly uniformly across southern Turkey in order to
determine spatial differences in mean monthly ETo values
and their time characteristics.

Due to the lack of ETo data, the FAO embraced the PM
equation as a standard methodology for calculating the
reference ETo. (e FAO56-PM can be used on hourly or
daily scales to supply the data needed for machine learning
approaches. (e equation is suggested for hourly time
measures as expressed in the following equation [7, 75]:

ETo �
0.408Δ RN − G(  + c(900/(T + 273))U2 ea − ed( 

Δ + c 1 + 0.34U2( 
,

(1)

where ETo is the reference evapotranspiration in (mm/day),
Δ represents the slope of the saturation vapor pressure
function at air temperature T in (kPa° · C− 1), RN is the net

solar radiation in (MJ · m− 2 · day− 1), G is the soil heat flux
density in (MJ · m− 2 · day− 1), c is the psychometric constant
in (kPa° · C− 1), T is the mean air temperature in (°C), U2 is
the average 24-hour wind speed at 2m height above the
ground surface in (m.s− 1), ea is the saturation vapor
pressure in (kPa), and ed is the actual vapor pressure in
(kPa). Finally, it is important to mention that the dataset is
subjected to the normalization process (between 0 and 1), for
all input variables and their appropriate targets. (is process
is very important in order to boost the predictive model
performance. Later, the data are simulated using three
modeling approaches, namely, RF, ELM, and MLR.

3. Methodology

3.1. Random Forest. Random Forests (RF) is an algorithm
that manages regression issues of high dimensions. (is
method is tree-based, where all trees have random variables
in the selection, and the forest is established from several
trees of regression and is clustered together [34, 76]. (e tree
is chosen as a random subset of variables that will be used to
determine the result of the prediction. Whereas, in the
random forest learning process, two significant parameters
are identified: the first one is the number of trees (ntree) and
the second one is the number of variables in each division
(mtry). After fitting single tree into the ensemble (bagging
procedure), the final decision is made by averaging the
output. (e bias between the bagged trees is equal to that of
the single tree, while the variance is reduced as the corre-
lation between the trees is reduced [77].

For regression-based RF formation, in order to get the
tree predictor h(X,⊖) numerical value, the process starts by
growing trees on the bias of a random vector (⊖). For any
given numerical estimator, the mean squared generalization
error can be expressed as follows [78]:

E(X,Y) � Y − h(X)
2

 . (2)

(eRF predictor is generated by taking an average over j

of a single tree. Here, in this respect, the following theorems
line up:

Theorem 1. By expanding the number of trees in the forest,
the error will then be expressed as follows:

E(X,Y) Yavjh X,⊖j  
2
⊖EX.Y Y − E⊖h(X,⊖)( 

2
. (3)

(is equation’s right hand demonstrates the general-
ization error of the forest. Similarly, the average tree gen-
eralization error can be found from the following equation:

PE∗ (tree) � E⊖EX,Y(Y − h(X,⊖))2. (4)

Theorem 2. If we assume EY � EXh(X,⊖) for every ⊖, then

PE∗ (forest)≤p.PE(tree), (5)

where p represent the weight correlation [76].
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3.2. Extreme Learning Machine (ELM). (e ELM, an ad-
vanced learning algorithm, is a machine learning modeling
approach assembled with single-layer feedforward neural
network (SLFN) [79]. ELM’s primary strength is that the
weight of the input parameters is determined arbitrarily,
while the output parameter weights are measured analyti-
cally using the Moore–Penrose approach (Huang et al.,
2006). (e SLFN function combines the hidden node ad-
ditives and activation function, which can be represented
mathematically as follows:

f(x) � 
L

i�1
βiG ai, bi, x( , (6)

wheref(x) represents the ELM model output function; x

represents the input variable, ai and bi represent the learning
parameters hidden nodes, and L stands for the number of
hidden nodes. (e βi governs the connecting weight to the
i-hidden node between the output nodes. (e output vector
G(ai, bi, x) implies the output of the hidden node. (e
sigmoid activation solves the additional hidden node as
follows:

G ai, bi, x(  � g ai.x + bi( , (7)

where ai and bi represent weight and basis values for each
i-node in its hidden layer. In the algorithm of ELM, the
weight of the input layer and bias values are randomly
generated. Figure 3 showed the basic structure of the ELM.

For the input and output variables, the arbitrary distinct
sample N is denoted as (xi, yi). Based on the above findings,
equation (6) can be rewritten as follows:

Hβ � T, (8)

where the Hussain matrix (H) is represented as

H �

G a1, b1 + x1(  · · · gL aL, bL, x1( 

⋮ ⋱ ⋮

G aN, bN + xN(  · · · gL aL, bL, xL( 

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

NxL

. (9)

In addition,

β �

βT
1

.

.

.

βT
L

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Lxm

,

T �

YT
1

.

.

.

YT
L

⎡⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎢⎣

⎤⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎥⎦

Nxm

.

(10)

G represents the activation function and in this current
study, log-sigmoid transfer function is used, which is
expressed as

G(y) �
1

1 + exp(−y)
, (11)

where y � ax + b as indicated in equation (6).
(e ELM model with independent L sets, which can

result in zero learning errors, can be trained in the form of
SLFN [80]. In addition, even with fewer hidden neurons (L)

than the number of separate samples (N), the ELM will
specify random parameters for the hidden nodes. Ulti-
mately, the output weights can be calculated by means of
pseudoinverse of H, which makes a limited error range ε> 0.
(e hidden node parameters (weights and bias) are given
random values during the training phase [81].

3.3. Multiple Linear Regression. In the form of the local
climatic parameters of minimum and maximum tempera-
ture, relative humidity, wind speed and sun hours, the
ETo data can be formulated using multiple linear regression
(MLR) models. Herein, the ETois calculated by MLR. (e
MLR can be employed to describe the relationship between
dependent and independent variables as a multivariate
statistical tool described by the following equation:

Y � αo + α1X1 + α2X2+··· αjX1, (12)

where the response variables are represented by Y, which is
also the predicted mean monthly ETo.(e independent
variables and the predictors are represented by X1, X2 , Xn,
and the coefficients of regression are represented by
αoα1, α2, . . . , αj, which can be acquired by the following
equations [82]:

e � 
n

i�1
Y − yi( 

2
,

ze

zαo

� 0,

ze

zα1
� 0,

ze

zα2
� 0,

ze

zαj

� 0,

(13)

where the error of the estimated and real values of ETois
represented by e and yi , respectively.

3.4. Model Evaluation. (e selection process of the best
predictive model is of great importance to achieve high
accurate predictions. (erefore, in this study, ten statistical
parameters have been used to assess the performances of
each predictive approach [83, 84]. (e quantitative pa-
rameters are as follows:

(i) Mean absolute error (MAE). It can be expressed by
assuming the absolute errors divided by the
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number of total observations. (is indicator is
widely used in water resources and hydrological
sectors to assess the predictive models because it
provides significant information on how closely
the simulated data points match with the actual
ones. (e mathematical expression of MAE is
shown in the following equations [85, 86]:

e � ETo i,m − ETo i,p, (14)

where e is the forecasted error,

MAE(mm/month) � 

n

i�1

ei

n



. (15)

(ii) Root mean square error (RMSE). It is a statistical
parameter often used to compare the forecasting
errors of several models. (e lower RMSE value
usually points out to better predictions. (e RMSE
can be derived using the following equation
[87, 88]:

RMSE(mm/month) �

�������

1
n



n

i�1
e
2
i




. (16)

(iii) Mean absolute relative error (MARE). (is indi-
cator can be expressed as an absolute relative
computer error (difference between actual and
forecasted points). When the MARE parameter is
represented as a percentage, it is called the mean
absolute relative error (MARE), which is expressed
by the following equation:

MARE �
1
n



n

i�1

ei

ETo i,m

. (17)

(iv) Root mean square relative error (RMSRE) is
expressed as

RMSRE �

��������������

1
n



n

i�1

ei

ETo i,m

 

2

.




(18)

(v) Relative root mean square error (RRMSE) can be
calculated by dividing the RMSE criteria over the
mean of actual data points. (is parameter is very
vital in assessing the accuracy of a model. In ac-
cordance to [89], the model is considered excellent
if RRMSE> 10%, good if 10%<RRMSE< 20%, fair
if 20%<RRMSE< 30%, and last, the model can be
considered poor if RRMSE> 30%. (e mathe-
matical expression of the RRMSE is depicted as
follows:

RRMSRE(%) �

�������������
RMSE

1/n 
n
i�1 ETo i,m



. (19)

(vi) Mean bias error (MBE). It discloses the tendency
of a model and explains whether it overestimates
the data or underestimates them and is expressed
by the following equation:

MBE(mm/month) �
1
n



n

i

ei. (20)

(vii) Correlation of coefficient (CC). (e CC is a sig-
nificant factor that can be utilized to efficiently
discover the robustness of the relationship between
predicted and simulated data points. (e mathe-
matical expression of CC is shown in the following
equation [82, 90]:

CC �


n
i�1 ETo i,m − ETo i,m  ETo i,p − ETo i,p 


n
i�1 ETo i,m − ETo i,m 

2


n
i�1 ETo i,p − ETo i,p 

2.

(21)

(viii) Maximum absolute relative error (erMAX) is
expressed as

erMAX
ei

ETo i,m




 . (22)

(ix) t-statistic (t − stat). (is statistical test is beneficial
for validating and testing the broadband models
[91]. As t − stat indicator approaches zero, the
desired model would be achieved and it is
expressed by the following equation:

t − stat �

�������������

(n − 1)MBE2

MBE2
− RMSE2



, (23)

where n is the total number of observations, and
ETo i,m ETo i,p are the ith actual and estimated mean
monthly reference of evapotranspiration,
respectively.

(x) Uncertainty at 95% (U95). (is quantitative cri-
terion is very efficient in terms of selecting an
efficient predictive model among several models.
(e U95indicator provides very useful information
on the deviation of a certain model [91]. (e U95
can be calculated by the following equation:

U95 � 1.96 SD2
+ RMSE2

 
1/2

, (24)

where SD represents the standard deviation of the
difference between true and simulated data points.
(e value 1.96 is a coverage factor corresponding
to 95% confidence level. Last, for visual evaluation,
boxplots and scatter plots are presented in the
Results and Discussion sections. (e coefficient of
determination (R2) is calculated based on the
following equation:

R
2

� 1 −


n
i�1 e

2
i


n
i�1 ETo i,p − ETo i,p 

2. (25)
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3.5. Model Development. To accurately predict the month-
lymean ETo, three different models were assigned called
MLR, RF, and ELM approaches. In accordance with the
nature of dataset collected from different locations and sites,
and in addition to having different characters, it is a sig-
nificant and difficult task to create a reliable predictive
model. (erefore, the current work is carried out by
establishing 20 different input groups for each predictive
approach as shown in Table 1. (e dataset is randomly
divided into phases called training set and testing set. (e

training set is used for calibration process and model
construction, while the testing set is used for examining the
performance accuracy of each candidate model. Table 2
shows the statistical description of the variables used in
this study. In addition, Table 3 gives information about the
Pearson correlation coefficient between all variables and ETo

used in the suggested case study. As shown in the table, the
maximum temperature variable has the highest correlation
with ETofor both training and testing datasets. (e table
shows that the longitude variable has the lowest correlation

Figure 1: (e distribution of meteorological stations in Turkey.

Jan Feb Mar Apr May Jun Jul Aug Sep Oct Nov Dec
Month

0

2

4

6

8

10

12

Ev
ap

ot
ra

ns
pi

ra
tio

n 
(m

m
/m

on
th

)

Figure 2: Distribution of the mean monthly (ETo) over Turkey.
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Table 1: Statistical description of the predictors and evapotranspiration that used in this current study.

Variables Unit Max Min Mean Std Skewness Kurtosis

Latitude
Training — 38.21 36.05 36.8 0.69 0.89 2.44
Testing 38.21 36.05 36.87 0.75 0.73 2.05
Overall 38.21 36.05 36.82 0.7 0.85 2.34

Longitude
Training — 37.11 29.07 33.37 2.57 −0.24 1.56
Testing 37.11 29.07 33.8 2.58 −0.47 1.68
Overall 37.11 29.07 33.48 2.58 −0.29 1.58

Elevation
Training m 1552 3 369.35 489.37 0.97 2.33
Testing 1552 3 426.25 528.16 0.77 1.94
Overall 1552 3 383.57 499.32 0.92 2.22

Tmax

Training CO 46.7 12.5 32.65 7.54 −0.44 2.32
Testing 45.4 14.4 31.7 8.01 −0.17 1.84
Overall 46.7 12.5 32.41 7.67 −0.37 2.17

Tmin

Training CO 20.6 −33.5 1.46 10.27 −0.68 3.65
Testing 17 −29.4 −0.11 11.03 −0.67 3.15
Overall 20.6 −33.5 1.07 10.47 −0.68 3.52

Tmean

Training CO 30.2 −3.8 16.78 7.81 −0.31 2.35
Testing 28.9 −0.5 15.73 8.25 −0.16 2.01
Overall 30.2 −3.8 16.52 7.93 −0.27 2.25

Ws

Training m/sec 5.6 0.7 1.97 0.76 1.46 6.2
Testing 5.1 0.7 2.15 0.93 1.26 4.35
Overall 5.6 0.7 2.02 0.81 1.44 5.68

RHmax%
Training — 88.4 53.8 73.33 7.62 −0.39 2.52
Testing 90.1 55.8 75.17 7.19 −0.44 2.8
Overall 90.1 53.8 73.79 7.55 −0.41 2.59

RHmin%
Training — 38 0 7.76 5.67 1.43 6.47
Testing 26 1 7.81 5.44 0.77 3.16
Overall 38 0 7.77 5.61 1.28 5.75

ETO

Training mm/month 15.98 1.5 6.47 2.79 0.27 2.59
Testing 14.8 1.45 6.5 2.98 0.26 2.34
Overall 15.98 1.45 6.48 2.84 0.27 2.52
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coefficient with an ETo of 0.09, while the maximum tem-
perature is significantly correlated with ETowith an R of
0.841.

(e process of selecting a more accurate model is rel-
atively tough with ten statistical matrices and three different
approaches including several input combinations. (us, the
assessment process is carried out based on two stages. First,
during the training set, from each approach, the best three
different models (in total nine models) are being selected. In
the second step, it is crucial to monitor the performance of
those models, which are selected throughout the training
phase, during the testing phase and to select the three most
efficient models for each approach. Finally, this process
would provide much information about each adopted ap-
proach, apart from providing a clear and realistic impression
of the performance of each predictive model separately.

Furthermore, a robust and effective performance mea-
sure is used to assess the capability of each model. Among
these statistical metrics, the uncertainty at 95% (U95) has
been used to assess the performance accuracy for each model
and subsequently recognize the best predictive model.
Figure 4 describes the prediction process of ETo along the
southern coast of Turkey. Last, it is imperative to emphasize
that all input variables and their corresponding targets are
normalized between 0 and 1. (is process is very important
to enhance the effectiveness of the predictive models
[92, 93]. All models are developed using MATLAB 2017a.

4. Results and Discussion

(is section of the study is dedicated to illustrating the
forecast results obtained for mean monthly EToover Turkey
via three different predictive models, namely, MLR, RF, and
ELM. Twenty scenarios have been presented including
different input variables and are introduced to the men-
tioned models. 60 predictive models are assessed and

validated against the Penman–Monteith equation using ten
efficient statistical indicators and graphical presentations. A
qualified model is one that meets the requirements of most
of the mentioned statistical parameters.(e dataset collected
from 35 stations is divided randomly into two sets: the
training phase (75%) is used to calibrate the models, and the
rest of the data is used for validation purposes.

In terms of quantitative assessment, Table 4 exhibits
further information about the performances of the proposed
60 different models based on different input variables
through the training phase. (e three predictive modeling
approaches have achieved different accuracies in accordance
with statistical measures. Moreover, it is difficult to rank the
models in accordance with the achieved accuracies, but the
RF approach relatively showed the best accuracy predictions.
However, for conducting a fair comparative analysis for each
adopted approach, from each modeling technique, the best
three models with different input combinations have been
selected for performing further and fair comparisons.

(us, among the 60 predictive models, only the best nine
models are selected for optimally carrying out the efficient
quantitative analysis. Reducing the number of models has
many advantages. For instance, it ensures conducting a
powerful and excellent compilation and, thereby, optimally
choosing the best statistical matrices. Table 5 shows the
performance accuracy of three different approaches based
on several input variables.

In general, remarkably, it can be noted from Table 5 that
the most frequent combination is C1, C4, and C7, con-
secutively.(is means that the component includes all useful
parameters that have effective impact on mean monthlyETo .
At a glance, it can be said that the RF models provided more
accurate estimations of mean monthly ETo than MLR and
ELM approaches. Here, it is essential to mention that the
uncertainty at 95% (U95) indicator is the most efficient
factor, which plays a major role in the evaluation process of

Table 2: Different input combinations.

Combinations Input parameters
C1 EO � f(Latitude, Longitude,Elevation, Tmax, Tmin, Tmean,Ws,RHmax,RHmin)

C2 EO � f(Latitude, Tmax, Tmin, Tmean,Ws,RHmax,RHmin)

C3 EO � f(Longitude, Tmax, Tmin, Tmean,Ws,RHmax,RHmin)

C4 EO � f(Elevation, Tmax, Tmin, Tmean,Ws,RHmax,RHmin)

C5 EO � f(Latitude, Tmax,Ws,RHmax)

C6 EO � f(Longitude, Tmax,Ws,RHmax)

C7 EO � f(Elevation, Tmax,Ws,RHmax)

C8 EO � f(Latitude, Tmin,Ws,RHmin)

C9 EO � f(Longitude, Tmin,Ws,RHmin)

C10 EO � f(Elevation, Tmin,Ws,RHmin)

C11 EO � f(Latitude, Tmean,Ws)
C12 EO � f(Longitude, Tmean,Ws)
C13 EO � f(Elevation, Tmean,Ws)
C14 EO � f(Tmax,Ws,RHmax)

C15 EO � f(Tmin,Ws,RHmax)

C16 EO � f(Tmean,Ws,RHmax)

C7 EO � f(Tmean,Ws,RHmin)

C18 EO � f(Tmax,Ws, Latitude)
C19 EO � f(Tmax,Ws)
C20 EO � f(Tmax)
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the best model. Furthermore, the RF-C7 produced the lowest
value (1.441) of U95 as compared with other predictive
models. Besides, the model mentioned also presented high
performance based on the rest of the statistical measures.
Nevertheless, the accuracy of MLR was unsatisfactory and
recorded a high uncertainty with U95of 6.077. (is is due to
the fact that the nonlinear relationship between predictors
and their corresponding targets was not considered. Finally,
the performances of ELM modeling approaches were

satisfactory according to the U95 indicator. With respect to
the ELM approach, the best model was ELM-C1, which
recorded 4.126 ofU95.

Essentially, it should be taken into consideration that
promising estimations were obtained during the training
phase, which is primarily employed to effectively calibrate
the models based on the known input variables and targets.
However, the testing step is vital in assessing the perfor-
mance of a model since it examines the model’s accuracy

Start

Data collection from dozens
of stations located at the

southern of Turkish Coast

Geological
parameters 

Metrological
parameters 

Data Division

Training
phase 

Testing
phase 

Model Establishment

RF MLR ELM

Outcome 1 Outcome 2 Outcome 3

Assessing and selecting the best model for
predicting ET0 

Comparing with
previous studies End

Figure 4: Prediction process of the monthly mean evapotranspiration using several AI approaches.

Table 3: Crosscorrelation matrix of the variables used in this study.

Latitude Longitude Elevation Tmax Tmin Tmean WS RHmax RHmin ETO

Training
Latitude 1.000
Longitude 0.206 1.000
Elevation 0.673 −0.112 1.000
Tmax −0.194 0.095 −0.301 1.000
Tmin −0.468 −0.021 −0.522 0.852 1.000
Tmean −0.319 0.036 −0.393 0.943 0.954 1.000
WS −0.114 0.004 0.024 0.027 0.125 0.089 1.000
RHmax 0.115 0.157 −0.012 −0.279 −0.341 −0.339 −0.024 1.000
RHmin 0.000 −0.046 0.084 −0.143 −0.058 −0.068 0.118 0.079 1.000
ETO −0.101 0.052 −0.071 0.815 0.696 0.778 0.459 −0.208 −0.065 1.000

Testing
Latitude 1.000
Longitude 0.181 1.000
Elevation 0.717 −0.068 1.000
Tmax −0.168 0.166 −0.374 1.000
Tmin −0.450 0.064 −0.625 0.877 1.000
Tmean −0.283 0.118 −0.493 0.958 0.951 1.000
WS −0.354 0.013 −0.169 0.024 0.176 0.113 1.000
RHmax 0.194 0.217 0.083 −0.175 −0.268 −0.237 −0.005 1.000
RHmin 0.157 −0.042 0.164 −0.279 −0.210 −0.233 0.093 0.204 1.000
ETO −0.166 0.091 −0.206 0.841 0.738 0.820 0.419 −0.144 −0.208 1.000
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Table 4: Performance skill description of each predictive model according to different input combinations: training set.

Model MAE
(mm/month) RMSE (mm/month) MARE RMSRE RRMSE (%) CC erMAX MBE (mm/month) t_stat U95(%)

MLR-C1 0.801 0.938 0.158 0.22 14.490 0.942 1.692 6.47 17.909 6.077
RF-C1 0.561 0.688 0.102 0.134 10.628 0.972 1.573 6.468 17.821 1.758
ELM-C1 0.722 0.851 0.141 0.193 13.154 0.952 1.776 6.47 17.875 4.126
MLR-C2 0.839 1.011 0.164 0.232 15.630 0.932 1.838 6.47 17.941 8.227
RF-C2 0.534 0.671 0.095 0.124 10.373 0.973 1.529 6.469 17.816 1.596
ELM-C2 0.772 0.93 0.144 0.202 14.380 0.943 1.621 6.47 17.906 5.893
MLR-C3 0.84 1.02 0.164 0.24 15.766 0.931 1.815 6.47 17.944 8.516
RF-C3 0.541 0.69 0.097 0.127 10.663 0.971 1.5 6.471 17.822 1.781
ELM-C3 0.822 0.99 0.159 0.222 15.303 0.935 1.726 6.47 17.931 7.557
MLR-C4 0.801 0.938 0.158 0.219 14.503 0.942 1.698 6.47 17.909 6.1
RF-C4 0.525 0.66 0.095 0.126 10.197 0.974 1.531 6.481 17.813 1.49
ELM-C4 0.731 0.86 0.135 0.18 13.293 0.951 1.591 6.47 17.879 4.305
MLR-C5 0.842 1.014 0.165 0.235 15.678 0.931 1.829 6.47 17.942 8.325
RF-C5 0.565 0.705 0.103 0.134 10.890 0.971 1.689 6.484 17.826 1.937
ELM-C5 0.761 0.923 0.136 0.175 14.263 0.944 1.532 6.47 17.903 5.704
MLR-C6 0.876 1.053 0.173 0.252 16.270 0.926 1.799 6.47 17.959 9.657
RF-C6 0.556 0.697 0.101 0.13 10.779 0.971 1.489 6.465 17.824 1.861
ELM-C6 0.816 0.968 0.156 0.213 14.956 0.938 1.762 6.47 17.922 6.896
MLR-C7 0.8 0.942 0.158 0.22 14.559 0.941 1.705 6.47 17.911 6.194
RF-C7 0.524 0.654 0.095 0.124 10.112 0.975 1.531 6.472 17.811 1.441
ELM-C7 0.788 0.923 0.156 0.214 14.270 0.944 1.635 6.47 17.903 5.716
MLR-C8 1.248 1.508 0.254 0.352 23.310 0.841 2.396 6.47 18.222 40.689
RF-C8 0.831 1.006 0.159 0.209 15.542 0.938 1.64 6.464 17.938 8.043
ELM-C8 1.088 1.346 0.205 0.278 20.809 0.876 2.113 6.47 18.117 25.846
MLR-C9 1.436 1.687 0.298 0.412 26.069 0.796 2.352 6.47 18.355 63.653
RF-C9 0.843 1.02 0.166 0.225 15.769 0.936 1.89 6.47 17.945 8.52
ELM-C9 1.133 1.382 0.216 0.294 21.357 0.868 2.105 6.47 18.138 28.67
MLR-C10 1.216 1.461 0.245 0.337 22.586 0.852 2.25 6.47 18.19 35.863
RF-C10 0.801 0.975 0.157 0.212 15.076 0.943 1.898 6.482 17.924 7.118
ELM-C10 1.086 1.341 0.205 0.272 20.724 0.877 1.95 6.47 18.113 25.431
MLR-C11 1.071 1.26 0.2 0.252 19.473 0.892 1.852 6.47 18.066 19.818
RF-C11 0.836 1.013 0.159 0.21 15.659 0.943 1.829 6.463 17.942 8.284
ELM-C11 1.004 1.206 0.177 0.219 18.645 0.901 1.688 6.47 18.036 16.653
MLR-C12 1.169 1.367 0.223 0.29 21.130 0.871 1.942 6.47 18.129 27.486
RF-C12 0.837 1.005 0.159 0.21 15.539 0.94 1.793 6.461 17.938 8.033
ELM-C12 0.976 1.189 0.176 0.232 18.380 0.904 1.912 6.47 18.027 15.735
MLR-C13 1.013 1.208 0.18 0.225 18.676 0.901 1.807 6.47 18.037 16.768
RF-C13 0.783 0.934 0.151 0.202 14.427 0.952 1.849 6.478 17.907 5.973
ELM-C13 0.898 1.073 0.161 0.203 16.591 0.923 1.742 6.47 17.969 10.441
MLR-C14 0.875 1.057 0.172 0.249 16.330 0.925 1.822 6.47 17.961 9.801
RF-C14 0.669 0.837 0.122 0.16 12.940 0.961 1.726 6.449 17.871 3.862
ELM-C14 0.75 0.921 0.131 0.165 14.235 0.944 1.457 6.47 17.902 5.66
MLR-C15 1.451 1.706 0.297 0.405 26.362 0.791 2.271 6.47 18.37 66.586
RF-C15 0.976 1.189 0.192 0.258 18.383 0.913 1.986 6.467 18.028 15.74
ELM-C15 1.232 1.502 0.236 0.324 23.222 0.842 2.301 6.47 18.218 40.075
MLR-C16 1.162 1.36 0.22 0.287 21.011 0.873 1.907 6.47 18.125 26.868
RF-C16 0.845 1.045 0.161 0.217 16.150 0.935 1.824 6.469 17.956 9.381
ELM-C16 0.999 1.201 0.181 0.23 18.563 0.902 1.823 6.47 18.033 16.366
MLR-C17 1.16 1.358 0.226 0.3 20.988 0.873 1.972 6.47 18.124 26.749
RF-C17 0.867 1.052 0.165 0.218 16.254 0.936 1.8 6.463 17.959 9.622
ELM-C17 1.038 1.247 0.187 0.239 19.278 0.894 1.902 6.47 18.059 19.034
MLR-C18 1.071 1.26 0.2 0.252 19.473 0.892 1.852 6.47 18.066 19.818
RF-C18 0.824 0.989 0.156 0.205 15.281 0.942 1.741 6.471 17.931 7.516
ELM-C18 0.943 1.141 0.167 0.21 17.637 0.912 1.73 6.47 18.002 13.341
MLR-C19 1.169 1.369 0.223 0.291 21.155 0.871 1.953 6.47 18.13 27.616
RF-C19 0.827 1.022 0.149 0.197 15.794 0.933 1.795 6.468 17.945 8.577
ELM-C19 1.05 1.274 0.186 0.236 19.684 0.889 1.866 6.47 18.074 20.69
MLR-C20 1.394 1.751 0.273 0.38 27.065 0.778 2.651 6.47 18.407 73.96
RF-C20 1.092 1.425 0.199 0.279 22.028 0.86 2.297 6.445 18.17 32.439
ELM-C20 1.329 1.709 0.25 0.347 26.416 0.79 2.409 6.47 18.373 67.125
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based on unseen target values. (is advantage does not exist
in the training set. (erefore, the reliable model should have
a stable and balanced performance in both training and
testing phases.

After demonstrating the performance of the models
during the calibration (training) phase, it is very important
to see the accuracy of the adopted models during the testing
phase. Table 6 demonstrated the performance skill of each
predictive model using different input parameters.

It is also important to carefully follow-up the perfor-
mance of nine efficient models that were chosen in the
training set (MLR-C1, MLR-C4, MLR-C7, RF-C7, RF-C4,
RF-C2, ELM-C1, ELM-C4, and ELM-C14). Besides the
mentioned models, there were additional three models
(RF-C5, RF-C6, and ELM-C2) that have effectively pro-
vided satisfactory estimations. (e heat-map diagram as
presented in Figure 5 provided significant information
about the best modeling performance based on ten sta-
tistical parameters.

Although RF models generated acceptable precision
during the training set, it exhibited the worst accuracies as
compared to ELM and MLR techniques in the testing set.
Moreover, these models produced high uncertainty, and the
values of U95 are 19.59, 27.1, 22.74, 22.35, and 26.72% for
RF-C7, RF-C4, RF-C5, RF-C6, and RF-C2, respectively.
Additionally, the other statistical parameters such as RMSE
and RRMSE also gave further information about the
weaknesses of RF models. It is undeniable that the RF ap-
proach suffers from overfitting issue. On the other hand, the
MLR models showed much better performance capacity
than RF models. Finally, the ELM models achieved high
precision in the prediction of mean monthly ETo in ac-
cordance with the P-M equation. Moreover, the ELM-C1 is
considered the best predictive model and recorded the
highest CC (0.957), lowest RMSE (1.155), MAE (0.946mm/
month), t − stat(10.37), RRMSE (16.54%), and U95(9.989%),
respectively. Moreover, among ten statistical parameters, the
most efficient parameters, which can easily recognize the
best predictive model areU95, RMSE, and RRMSE. (e
supremacy of ELM approaches was evaluated in accordance
with its ability of reducing the most significant statistical
measures (U95, RMSE, and RRMSE) throughout the testing
phase. (e results obtained as shown in Figure 6 illustrated

the superiority of ELM-C1 over other predictive models in
reducing the value of the mentioned three statistical metrics.
(e effectiveness of the ELM-C1 model over MLR-C1
powerfully appeared in reducing the RMSE and U95 pa-
rameters to 10.05% and 34.07%, respectively. Moreover, the
prediction accuracy of ELM-C1 accomplished better out-
come when it is compared with the RF-C7 model, where
there was a significant improvement in the reduction of
RMSE and U95 parameters, which reached 16.36% and
49.02%, respectively.

(e box plot diagram, shown in Figure 7, presented the
best candidate models, which were employed to predict the
average monthlyETo. It can be remarkably noted that the RF
models could not perform well as compared to the other
approaches such as MLR and ELM. However, the MLR
models had the modest performance and poor accuracy as
compared to ELM approaches. It can be said that the best
performance approach in prediction average monthlyETo is
ELM, followed by MLR and RF techniques, consecutively.
(e ELM-C1 achieved the best estimation accuracy where
the median and interquarter range (IQR) were found to be
very close to the actual median and IQR.

Line graph and scatterplot of predicted and actual
average monthlyETo are provided in Figures 8(a) and 8(b)
during the testing phase. (e scatter plot effectively
presents useful visualization information on the diversion
between observed and predicted values, and the coefficient
of determination (R2) showed the determination between
them. Based on Figures 8(a) and 8(b), the proposed ELM-
C1 has better prediction performance than other com-
parative models in terms of providing a higher value of
R2(0.915).

Considering the best ELM models, it can be noted that
this approach often requires a relatively higher number of
input parameters in comparison with RF and MLR ap-
proaches.(e logical explanation of this phenomenon is that
the data size includes 35 locations of different characteristics.
Besides, the geographical factors are very important when
developing local and robust models based on a dataset
collected from several locations.

For further assessment, it is vital to examine the ability of
the suggested model (ELM-C1) against several predictive
models that were proposed in the previous studies to estimate

Table 5: Selection of the best three models for each predictive approach through the calibration process.

Model MAE
(mm/month)

RMSE
(mm/month) MARE RMSRE RRMSE

(%) CC erMAX MBE
(mm/month) t_stat U95(%) Rank

MLR-C1 0.801 0.938 0.158 0.22 14.490 0.942 1.692 6.47 17.909 6.077 1
MLR-C4 0.801 0.938 0.158 0.219 14.503 0.942 1.698 6.47 17.909 6.1 2
MLR-C7 0.8 0.942 0.158 0.22 14.559 0.941 1.705 6.47 17.911 6.194 3
RF-C7 0.524 0.654 0.095 0.124 10.112 0.975 1.531 6.472 17.811 1.441 1
RF-C4 0.525 0.66 0.095 0.126 10.197 0.974 1.531 6.481 17.813 1.49 2
RF-C2 0.534 0.671 0.095 0.124 10.373 0.973 1.529 6.469 17.816 1.596 3
ELM-C1 0.722 0.851 0.141 0.193 13.154 0.952 1.776 6.47 17.875 4.126 1
ELM-C4 0.731 0.86 0.135 0.18 13.293 0.951 1.591 6.47 17.879 4.305 2
ELM-
C14 0.75 0.921 0.131 0.165 14.235 0.944 1.457 6.47 17.902 5.66 3
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Table 6: Performance skill description of each predictive model according to different input combinations: testing set.

Model MAE
(mm/month) RMSE (mm/month) MARE RMSRE RRMSE (%) CC erMAX MBE (mm/month) t_stat U95 (%)

MLR-C1 1.078 1.284 0.172 0.214 18.392 0.945 1.449 6.254 10.42 15.151
RF-C1 1.281 1.561 0.187 0.213 22.359 0.938 1.556 5.992 10.563 29.955
ELM-C1 0.946 1.155 0.149 0.191 16.544 0.956 1.634 6.333 10.372 9.989
MLR-C2 1.117 1.358 0.173 0.216 19.458 0.936 1.545 6.242 10.448 19.537
RF-C2 1.229 1.513 0.178 0.206 21.673 0.938 1.503 6.032 10.535 26.723
ELM-C2 0.962 1.216 0.146 0.18 17.417 0.95 1.422 6.322 10.392 12.574
MLR-C3 1.167 1.407 0.181 0.22 20.159 0.936 1.501 6.158 10.475 21.306
RF-C3 1.253 1.541 0.182 0.209 22.080 0.935 1.492 6.018 10.55 28.899
ELM-C3 1.111 1.357 0.168 0.203 19.444 0.946 1.456 6.131 10.458 17.33
MLR-C4 1.074 1.282 0.172 0.214 18.371 0.945 1.456 6.266 10.419 15.248
RF-C4 1.256 1.523 0.184 0.21 21.820 0.939 1.516 6.013 10.542 27.104
ELM-C4 0.999 1.248 0.147 0.177 17.884 0.955 1.467 6.228 10.409 12.848
MLR-C5 1.118 1.348 0.178 0.221 19.312 0.934 1.56 6.283 10.441 19.589
RF-C5 1.144 1.423 0.168 0.198 20.391 0.946 1.526 6.168 10.481 22.741
ELM-C5 1.052 1.269 0.163 0.19 18.186 0.952 1.447 6.197 10.419 13.441
MLR-C6 1.199 1.429 0.195 0.246 20.475 0.926 1.551 6.232 10.477 24.555
RF-C6 1.134 1.422 0.164 0.195 20.371 0.947 1.677 6.155 10.482 22.346
ELM-C6 1.066 1.282 0.174 0.218 18.367 0.95 1.496 6.197 10.423 14.126
MLR-C7 1.071 1.281 0.168 0.204 18.348 0.945 1.461 6.274 10.417 15.282
RF-C7 1.103 1.381 0.16 0.194 19.785 0.951 1.649 6.165 10.464 19.593
ELM-C7 1.047 1.253 0.164 0.199 17.947 0.956 1.445 6.185 10.414 12.401
MLR-C8 1.524 1.803 0.276 0.366 25.837 0.851 1.871 6.348 10.636 73.725
RF-C8 1.389 1.684 0.217 0.272 24.132 0.901 1.784 6.255 10.589 52.417
ELM-C8 1.316 1.633 0.218 0.273 23.396 0.891 1.554 6.256 10.564 45.735
MLR-C9 1.751 2.069 0.315 0.419 29.644 0.796 2.267 6.296 10.798 129.564
RF-C9 1.468 1.781 0.229 0.279 25.512 0.886 1.727 6.207 10.646 65.221
ELM-C9 1.368 1.731 0.212 0.28 24.804 0.872 2.188 6.302 10.606 60.569
MLR-C10 1.462 1.746 0.264 0.367 25.015 0.867 1.811 6.283 10.616 62.258
RF-C10 1.414 1.698 0.221 0.274 24.321 0.906 2.015 6.241 10.598 53.811
ELM-C10 1.237 1.56 0.198 0.249 22.356 0.903 1.593 6.296 10.526 38.316
MLR-C11 1.342 1.66 0.213 0.269 23.785 0.901 1.66 6.083 10.6 43.783
RF-C11 1.467 1.836 0.209 0.251 26.298 0.911 1.767 5.958 10.719 64.059
ELM-C11 1.246 1.583 0.179 0.213 22.677 0.929 1.349 5.976 10.576 31.619
MLR-C12 1.505 1.801 0.248 0.307 25.806 0.876 1.788 6.057 10.681 62.81
RF-C12 1.408 1.763 0.2 0.234 25.254 0.917 1.524 5.976 10.673 53.541
ELM-C12 1.302 1.605 0.201 0.26 22.997 0.927 1.476 5.947 10.591 32.973
MLR-C13 1.264 1.589 0.196 0.246 22.765 0.918 1.577 6.044 10.57 34.417
RF-C13 1.423 1.783 0.202 0.239 25.547 0.919 1.546 5.944 10.69 55.172
ELM-C13 1.277 1.527 0.19 0.227 21.880 0.949 1.302 5.878 10.561 23.495
MLR-C14 1.197 1.429 0.194 0.244 20.470 0.925 1.569 6.248 10.476 24.857
RF-C14 1.247 1.55 0.184 0.22 22.210 0.94 1.622 6.146 10.539 33.389
ELM-C14 1.015 1.259 0.148 0.176 18.038 0.952 1.397 6.209 10.414 13.109
MLR-C15 1.734 2.079 0.308 0.409 29.792 0.789 2.079 6.339 10.795 134.22
RF-C15 1.599 1.924 0.266 0.336 27.565 0.858 2.048 6.264 10.716 93.894
ELM-C15 1.419 1.76 0.229 0.298 25.220 0.858 1.979 6.382 10.61 67.441
MLR-C16 1.487 1.805 0.244 0.305 25.854 0.878 1.776 6.034 10.687 62.369
RF-C16 1.518 1.888 0.227 0.28 27.053 0.891 2.048 5.994 10.745 74.975
ELM-C16 1.351 1.633 0.207 0.251 23.394 0.923 1.52 5.932 10.608 35.411
MLR-C17 1.534 1.825 0.262 0.338 26.149 0.879 1.663 5.985 10.708 63.591
RF-C17 1.539 1.896 0.229 0.274 27.166 0.901 1.858 5.962 10.756 74.846
ELM-C17 1.363 1.672 0.205 0.241 23.954 0.916 1.44 5.936 10.628 40.003
MLR-C18 1.342 1.66 0.213 0.269 23.785 0.901 1.66 6.083 10.6 43.783
RF-C18 1.407 1.775 0.203 0.245 25.426 0.915 1.656 5.957 10.683 54.491
ELM-C18 1.254 1.577 0.185 0.227 22.590 0.929 1.535 5.975 10.573 31.011
MLR-C19 1.505 1.805 0.248 0.309 25.867 0.877 1.776 6.047 10.685 63.046
RF-C19 1.369 1.736 0.195 0.23 24.875 0.906 1.49 5.99 10.655 50.356
ELM-C19 1.265 1.583 0.186 0.221 22.674 0.923 1.45 6.029 10.569 33.28
MLR-C20 1.877 2.329 0.295 0.361 33.366 0.82 2.197 5.567 11.228 154.758
RF-C20 1.859 2.398 0.264 0.316 34.363 0.813 2.089 5.499 11.333 171.226
ELM-C20 1.8 2.275 0.261 0.317 32.599 0.832 2.109 5.613 11.156 142.188
Bold numbers refer to the best results.
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ETO over different locations around the world. In this respect,
the findings obtained during the test step by using the ELM-
C1 model are validated against several predictive models
carried out in the literature by some researchers. Khoob [94]
conducted a study using ANN to predict ETOin Safiabad
station, which is located in Southern Iran.(e outcome of this
study revealed that the suggested ANNmodel performed very
well when compared with the actual values ofETO. (e most
significant observation is that the accuracy of the model was
very good with a high R2of 0.9135. Moreover, another study
was carried out using the ANN technique to predict ETO in
the Reynolds Creek ExperimentalWatershed in Southwestern
Idaho, USA [95]. (e obtained results showed that the ANN
model managed to effectively estimate ETOwith high accuracy
of prediction and fewer forecasted error reported (R2 � 0.82).
Additionally, another study was conducted in Southeast Asia
using different AI models; Wu and Fan [96] introduced a
comprehensive study to accurately predict ETO over 14
stations located in China. (e researchers employed eight
different techniques such as ANFIS, MLP, GRNN, KNEA,
SVR, XGBoost, M5Tree, and Mars. (ese models were de-
veloped based on the collected data, which includes precip-
itation and temperature variables. (e outcomes of the study
illustrated that themachine learning techniques could provide
satisfactory prediction of ETOby using only one variable
(temperature). In addition, the estimated ETO values were
close to the actual ones, and the reported average R2 indicator

was equal to 0.829. On top of that, Izadifar and Elshorbagy
[97] employed three data-driven models called MLR, GP, and
ANN to estimate ETO over Northern Alberta, Canada. Sta-
tistical analyses of the study revealed that themost influencing
variables on ETO were net radiation and temperature. Besides,
the ANN approached trained Bayesian regularization algo-
rithm presented more accurate results than other comparable
models, which recorded the highest accuracy of prediction
(R2 � 0.82).

Significant attempts were made to increasingly consti-
tute powerful models to accurately estimate ETObased on
few parameters, which can easily be measured such as
temperature. Zhu et al. [69] managed to develop a hybrid
model called PSO-ELM to predict ETO over five meteoro-
logical stations located at the Northwest of China. (e
proposed model produced more accurate estimations than
other AI models and employed empirical equations. (e
proposed model (PSO-ELM) were built based on temper-
ature only, in general, and produced fewer forecasted errors
and higher correlation with the actual one (mean R2 of
0.8905).

Overall, the published studies, as illustrated above, have
been carried out to estimate ETOover several case studies.
Even though researchers developed powerful approaches
that attained high accuracy, the approaches mentioned
could not be applied to constitute a general model instead of
simulation of each case study separately. However, in this
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Figure 5: Heat-map diagram illustrating the best three models for each predictive approach through the calibration process.
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Figure 8: Continued.
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Figure 8: (a): Observed vs. predicted values of mean monthlyETousing different models: testing set. (b) Observed vs. predicted values of
mean monthly ETousing different models: testing set.
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current study, a single model (ELM-C1) successfully man-
aged to simulate the ETO based on the data collected from
dozens of stations. In addition to the simulation process of
35 stations in one single model, the other interesting feature
is that the predictability of the proposed model was recorded
high (R2 > 0.91).

5. Conclusion

Evapotranspiration is considered as one of the most sig-
nificant factors in the hydrological cycle. Although the well-
known Penman–Monteith equation for computing the
evapotranspiration exists, there are some difficulties in ac-
curately calculating some of its parameters such as solar
radiation and sensible heat flux into the soil. (erefore, in
this study, three different approaches were employed,
namely, ELM, RF, and MLR, based on geographical and
meteorological parameters for the prediction of the mean
monthly evapotranspiration over southern Mediterranean
coast of Turkey. Besides, twenty different input combina-
tions assigned according to data collected from 35 meteo-
rological stations were established. Ten efficient statistical
parameters have been used to assess the 60 predictive
models. (e outcomes of this study revealed that the per-
formance of the ELM approach outperformed the MLR and
RF models. In addition, the efficiency of the proposed ELM
produced less computed errors during the testing set. It is
worth mentioning that the U95 measure played a vital role in
the selection of the best model accuracy among the estab-
lished 60 models in this study. (e other essential obser-
vation that can be drawn is that the RF approach provided
the perfect accuracy during the training phase, and when it
comes to examining its performances during the testing
phase, the predictions’ accuracies were very poor and dis-
appointing. Finally, this study suggested the use of ELM in
building local models based on different stations and
weather conditions. In addition, a study that covers the
whole area of the Mediterranean Sea via one robust model is
needed. For further investigation, feature selection ap-
proaches can possibly be integrated prior to the predictive
learning process to extract the essential input variables for
the prediction matrix [98, 99].

Abbreviations

ETo: Reference evapotranspiration
Tmax: Maximum monthly temperature
Tmin: Minimum monthly temperature
Tmean: Average monthly temperature
Std: Standard deviation
Ws: Wind speed
RHmax: % Maximum relative humidity
RHmin: % Minimum relative humidity
MAE: Mean absolute error
e: Estimated error between actual and predicted ETO
RMSE: Root mean square error
MARE: Mean absolute relative error
RMSRE: Root mean square relative error
RRMSE: Relative root mean square error

MBE: Mean bias error
CC: Correlation of coefficient
R2: Correlation of determination
erMAX: Maximum absolute relative error
t − stat: t-statistic
U95: Uncertainty at 95%
ELM: Extreme learning machine
RF: Random Forests
MLR: Multiple-linear regression
P − M: Penman–Monteith.
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