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Abstract Evaporation is an important meteorologi-
cal variable that has a great impact on water resources.
In the current research, climatology data, and seasonal
coefficient have been used to estimate monthly pan
evaporation (E,,,) for 2005-2018 study years at four
selected stations of the Urmia Lake basin with Dsa
and six selected stations of Gavkhouni basin with Bsk
climate categories, in Iran. Estimation of monthly E,,,
was performed using data-driven methods such as arti-
ficial neural networks (ANNSs), adaptive neuro-fuzzy
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inference system (ANFIS), and gene expression pro-
gramming (GEP) as well as wavelet-hybrids (WANN,
WANFIS, and WGEP). Based on the evaluation crite-
ria, the WGEP model performance was better than the
other models in estimating the monthly . The results
indicated that WGEP and ANN are the best and poor-
est models for all stations without affecting the climate
condition of basins. The values of RMSE for WGEP
model for stations of Urmia Lake and Gavkhouni
basins were varied from 15.839 to 26.727 and 20.651
to 70.318, respectively. Also, the values of RMSE for
ANN model for stations of Urmia Lake and Gavkhouni
basins were varied from 29.397 to 38.452 and 30.635
to 85.237, respectively. The model’s performance was
improved as a result of considering the data noise elimi-
nation and applying seasonal coefficient to estimate
E,,,, of various climatic conditions This study with pre-
senting mathematical equations for estimating monthly
E,, has a significant impact on the management and
planning of water resources policymakers in the future.

Keywords Climate condition - Data-driven
methods - Pan evaporation - Simulation - Wavelet
theory

Introduction

Evaporation is one of the main components of the water

process and climate changes in which an accurate esti-
mation of evaporation can enhance water resource
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management and improve the monitoring network.
Evaporation happens as a result of available energy and
a vapor pressure deficit between a water surface and the
overlying atmosphere (Moghaddamnia et al., 2009).
Many climatic parameters influence the rate of evapo-
ration, such as air temperature, precipitation, relative
humidity, solar radiation, and wind speed (Azamathulla
et al., 2018; Perera et al., 2020a, b).

There are direct and indirect approaches available
for calculating and forecasting evaporation. Using
pan evaporation (E,,) (Class A pan, US Weather
Bureau) is one of the most important direct methods
for evaporation assessment (Eslamian et al., 2008).
Modeling E,,, plays an important role in water
budgeting for various weather conditions (Khaniya
et al., 2020; Majidi et al., 2015; Sanikhani et al.,
2012). Indirect methods such as water and energy
budget and Penman—Monteith are based on differ-
ent meteorological variables (Ghaemi et al., 2019;
McColl, 2020; Or & Lehmann, 2019). However,
the amount of required data and difficulty in estima-
tion of the unknown meteorological variables dis-
couraged researchers from using indirect methods
(Burt et al., 2005; Khatibi et al., 2020; Sanikhani
et al., 2015). Evaporation is a nonlinear process, so
it is difficult to elicit a valuable mathematical equa-
tion to address all the physical processes (Malik
et al., 2017; Tezel & Buyukyildiz, 2016; Trajkovic
& Kolakovic, 2010). Therefore, the application of
computer models and algorithms that can overcome
the prior knowledge requirement on physical pro-
cesses as well as the required amount of data is rec-
ommended (Tan et al., 2018; Tezel & Buyukyildiz,
2016; Wang et al., 2017).

Recent efforts of using artificial intelligence (AI)
models have shown great progress in E,,, estimation
(Tao et al., 2018). Several approaches of Al model
that applied to estimate E,,, are artificial neural net-
work (ANN), co-active neuro-fuzzy inference sys-
tem (CANFIS), support vector machine (SVM), gene
expression programming (GEP), and complementary
wavelet-Al (Adnan et al., 2019; Guven & Kisi, 2013;
Kisi & Heddam, 2019; Qasem et al., 2019; Qutbudin
et al., 2019; Sebbar et al., 2019; Yaseen et al., 2015).
The ANFIS, ANN, and Stephens-Stewart (SS)
method have been applied by Kisi (2006) for daily
E,,, modeling at Arcata-Euraka (moist and cool cli-
mate, CA, USA) and Daggett station (medium to the
high desert climate, CA, USA) and reported the best
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performance of ANFIS model in comparison with the
ANN and SS models. Also, the ANN model indicated
a better performance compared to the SS method.
Evaporation was simulated by Moghaddamnia et al.
(2009) using the ANN, ANFIS, and empirical models
while applying the gamma-test (GT) to select suitable
input variables for the arid region. They found that
the ANFIS and ANN models have better performance
than the empirical formulas on evaporation estima-
tion. Results of ANN, multiple linear regressions
(MLR), Penman, Priestley-Taylor, and SS models
have been compared for estimating the daily E,, for
semiarid and sub-tropical regions with hot dry sum-
mer and cold winter in which the ANN model showed
an acceptable performance among other models
(Shirsath & Singh, 2010). The ANN, CANFIS, and
MLR have been used to simulate E,, in a region
with a sub-humid and sub-tropical climate (Malik &
Kumar, 2015). Results included that the performance
of the ANN model was superior to the CANFIS and
MLR models. In a study by Keshtegar et al. (2016)
for daily E,,, simulation, general regression analysis
showed the best performance for ANFIS and M5Tree
models for a region with a very hot and dry climate.
The capability of ANFIS and ANN models for E,,
estimation was performed by Shiri (2019) for various
regions in the USA and at the end; these models with
ancillary data were recommended when there was no
ability to achieve the local meteorological data.

The ability of Al-based models (neural network
autoregressive with exogenous input (NNARX), GEP,
and ANFIS) has been investigated by Zounemat-
Kermanietal. (2019) for two stations, namely Gaziantep
and Adiyaman, with different geographical loca-
tions but dry and semi-arid climate. Results of the
comparison showed that the ANFIS model had bet-
ter results in Gaziantep Station, while the NNARX
model performed better in estimating E,,, values
for the Adiyaman Station. Multiple-model ANN
(MM-ANN), multivariate adaptive regression spline
(MARS), SVM, multi-gene genetic programming
(MGGP), and M5Tree were compared to simulate
the E,,, on a monthly scale (Malik et al., 2020). The
results included that MM-ANN-1 and MGGP-1 were
more successful than the other techniques. The hybrid
model combines two or more models and coupling is
a different technique to make a hybrid model (Chia
et al., 2020). This way has recently received more
attention in the hydrology and climate process since
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the particular features of each technique may be able
to better capture particular patterns in the data series
(Ghaemi et al., 2019). Pammar and Deka (2017)
attempted to explore hybrid modeling using discrete
wavelet transform (DWT) and SVM for E,,, estima-
tion without data noise elimination at two stations in
India which represent different climatic zones. Also,
they used the GT and grid search to select the best
input-output combinations for the models. The E,,
estimates were very promising regarding expected
accuracy in the associated fields. Kisi and Alizamir
(2018) investigated the applicability of the wavelet
extreme learning machine (WELM) model which
uses discrete wavelet transform and ELM methods in
estimating daily reference evapotranspiration (ET)
at two stations, Ankara and Kirikkale, located in the
central Anatolia region of Turkey. The results showed
that the wavelet conjunction models (e.g., WELM
and WANN) have better accuracy compared to the
single models and the WELM model was found to be
the best model in estimating ET. Rezaie-Balf et al.
(2019) proposed two hybrid models, ensemble empiri-
cal mode decomposition (EEMD) coupled with SVM
(EEMD-SVM) and EEMD-model tree (EEMD-MT)
to improve the performance of monthly E,, estima-
tion without data noise elimination at two stations
with a dry and semi-arid climate at Turkey. Results
showed that newly proposed models gain higher
accuracy compared to the conventional approaches.
Jing et al. (2019) reviewed data-driven algorithms to
estimate the ET,,. Their literature reviews showed the
ability of providing mathematical equations and sim-
ple application of the GP and GEP models in ET,
estimation for various range of climate. Chia et al.
(2020) collected the results of studies on the estima-
tion of ET, between 2011 and 2019. They declared
that based on the results, hybrid models are used to
simulate hydrological processes, such as ET,, to over-
come the errors of individual models. Their results
indicate that the Al approach is the best possible solu-
tion to show the relationship between climatic param-
eters and ET,. Yaseen et al. (2020) used machine
learning (ML) models in two different stations in arid
and semi-arid regions in Mosul and Baghdad, Iraq for
estimating evaporation, comparing the applied model
performance, and evaluating the role of climatic fac-
tors. Adnan et al. (2021) used several models such as
GMDHNN, MARS, and M5Tree to simulate monthly
ET, at two stations in Mediterranean region in Turkey.

They compared the results of mentioned developed
models with the results of empirical formulations
including Hargreaves-Samani (HS), Calibrated-HS
(CHS), and Stephens-Stewart (SS) models. The results
of this study showed that GMDHNN and CHS have
better accuracy and worst estimates, respectively.
Despite the great improvement of Al-based model
and hydrological parameter estimation, most of the
previous studies focused on the singularity of the
models or assessing the elementary level of the hybrid
model without data noise elimination and seasonal
coefficient (SC) evaluation. Besides, the number of
studied stations, climate zones, and applied models
were limited. Therefore, this study was conducted to
assess three single Al-based models (ANN, ANFIS,
and GEP) as well as their wavelet-hybrid models
(WANN, WANFIS, and WGEP) for E,,,, estimation
by considering two different climate zones with vari-
ous stations. Considering the innovation of data noise
elimination and applying seasonal coefficient to esti-
mate E,, of various climatic conditions make current
research distinguished compared to the previous lit-
erature. Considering different climate zones makes a
better comparison of the performance of the models.

Methodology
Case study and dataset

The Urmia Lake and Gavkhouni basins, with an area
of 51.876 and 41.552 km?, are located in the North-
west and central part of Iran, respectively, and were
selected to study monthly E,, (Fig. 1). According to
the Koppen-Geiger climate classification method, the
Urmia Lake has snow dry and hot summer (Dsa), and
the Gavkhouni basin has arid desert cold (Bsk) cli-
mate type. Zarrinehrood, Siminehrood, and Aji Chai
rivers are the main symbols of water resources of
Urmia Lake. Zayandehrud River, as the largest cen-
tral river in Iran, is one of the prominent symbols of
the Gavkhouni basin. Both basins have a great impact
on industrial, agricultural, and livestock activities of
the northwestern and central part of Iran.

To estimate monthly E,,,, monthly precipitation
(P), average temperature (7,,.,,), minimum tempera-
ture (T,,;,), maximum temperatures (T,,,), relative
humidity at noon (H;,) and 6 p.m. (Hg), and wind
speed (U) data were collected from the Iranian Water
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Fig. 1 The geographical location of the study basins including synoptic stations

Resources Management Company (http://wrbs.wrm.
ir/). The collected data covered 2005-2018 study
years including four selected stations of the Urmia
Lake basin, namely Shahid Kazemi, Pol-Sorkh,
Dashkhaneh, and Lighvan. A similar window of data
was achieved for the Gavkhouni basin that included
six selected stations, namely Ghaleh-Shahrokh, Mah-
yar, Izad-Khast, Morcheh-Khort, Meymeh, and Pol-
Zamankhan. The location of the studied basins and
selected meteorological stations is shown in Fig. 1.
To analyze the suitability of the selected basin in
terms of climate conditions, the distribution of sta-
tions was assessed at a 99% probability level using
F-computational values. The result of F-test indicates
that the distribution of selected stations is appropri-
ate and sufficient to model the monthly £, and to

pan
investigate the climatic effects on the monthly E,,
modeling at the basin level. The Pearson correlation
coefficient between data (precipitation, tempera-

ture, humidity at two timestamps, wind speed, and
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pan evaporation) was calculated at a significant level
of 99% using SPSS software (IBM Corp. Released
2017), and the results showed a significant correla-
tion between meteorological data and monthly E, .
The statistical specifications of the data for the
selected stations are given in Table 1.

Approaches
Wavelet

Wave-like functions that start at zero and end at zero
oscillations form a data-driven method called “wave-
let” (Danandeh Mehr et al.,, 2013; Ozger, 2010).
Wavelet transformation is a mathematical tool used to
extract information from different types of data (Partal
& Kisi, 2007). Wavelet transformation does this by
analyzing local deviations in time series. In this way,
the method analyzes the data by extracting appropri-
ate time fluctuations from unstable and temporary
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signals by analyzing the frequency content of the
signals in time series and shapes (Montaseri et al.,
2018). Thus, the wavelet can well decompose the
low-frequency dynamics of unstable time series and
is also strong in displaying noise, seasonal patterns,
and variance change (Popoola, 2007). The functions
in the wavelet can separate the data into different fre-
quency values. Each component of the data evaluates
by a resolution appropriate to its scale. The lower
scales show details of the signal that change rapidly,
while the higher scales show the slow frequency
changes of the components (Kucuk & Agiralioglu,
2006).

In general, there are two types of continuous and
discrete waveform transformation. Because hydrolog-
ical data have discrete time steps, discrete-time sig-
nals are used. Disconnected wavelet transformation
that breaks down original data into bands is effective
in improving predictions. The number of decomposi-
tion levels named “L” can be determined with Eq. (1)
(Montaseri et al., 2018; Nourani et al., 2009):

L = int[log(V)| (1

where N is the number of data (in current study:
N=168). So, based on Eq. (1), the level of wavelet
decomposition is one. Decomposition and approxima-
tion in wavelet, using one-dimensional Daubechies-4
(db4) at level 1 of each variable, is presented in two
parts, namely Al and D1. An approximation of the
signal is represented with Al (low-frequency sec-
tion), and details of the signal are represented with D1
(high-frequency section).

ANNs

The ANNSs, which are made to mimic the neural net-
works of the human brain, contain layers of intercon-
nected neurons that receive a set of inputs and param-
eters including weights and thresholds (Ahmadaali
et al. 2013; Huo et al., 2012). By applying mathe-
matical functions, the outputs are generated as a set
of activators (stimulus functions). The layered struc-
ture of ANNs includes an input, an output, and one
or more hidden (intermediate) layers. Each layer is
associated with the surrounding layers and contains
several nodes, neurons, or units that are networked
together at different weights. Input units are the initial
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part of the network that receives the information from
outside of the network and helps the network to learn
the patterns of this information and finally processes
those (Perera et al., 2020a, b).

ANFIS

Fuzzy systems are capable of modeling vague and
uncertain problems, such as hydrological events.
The ANFIS model was introduced in 1993 that ena-
bled the fuzzy system and neural network capability
(Jang, 1993). ANFIS is a multilayer feed-forward
network with an input—output structure that applies
neural network learning algorithms and fuzzy logic
to transport inputs to output (Zareie & Fakherifard,
2014). In a set of input/output data, membership
function parameters of the toolbox function ANFIS
have two states to learn from the given data for
modeling in a fuzzy system, a back-propagation (BP)
algorithm alone, and a BP algorithm in combination
with a least-squares type of method. The approaches
of Mamdani (Mamdani & Assilian, 1975) and Sugeno
(Takagi & Sugeno, 1985) are two approaches for
fuzzy inference systems. The difference between the
two approaches is the output membership functions
of each model that is fuzzy membership func-
tions in the Mamdani approach and linear or con-
stant functions in Sugeno’s approach. Using Sug-
eno’s approach is more compact and computationally
efficient than Mamdani’s approach (Kisi et al., 2013).
In Takagi—-Sugeno FIS, one of the most accurate
fuzzy models frequently is used (Takagi & Sugeno,
1985). An ANFIS structure consists of a set of
Takagi—Sugeno-type fuzzy IF-THEN rules, which
can be used to model and map input—output data. In
a fuzzy inference system, Sugeno’s first-order fuzzy
model, which contains two IF-THEN fuzzy laws, is
as follows:

IfxisA, andyis By, thenf, =p,x+q,y +r, )

If xis A,and y is B,, then f, = p,x + g,y + 1, 3)

where x and y are the inputs and f is the output of the
model, A}, A,, and B, B, denote the membership val-
ues of x and y as input variables, respectively; p;, ¢,
ry, and p,, g,, r, are the parameters of the output func-
tions f; and f,, respectively.
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GEP

In GEP, similar to the genetic algorithm (GA), lin-
ear and simple chromosomes of constant length are
combined. Also, like decomposition trees in genetic
programming (GP), there are branch structures with
different sizes and shapes. GEP, by using a genetic
algorithm, selects a population of individuals accord-
ing to their suitability and applies genetic changes
using one or more genetic operators. Thus, GEP is
an extension of GP, which is also a branch of the GA
(Holland, 1975).

The first step in the GEP algorithm is to generate
a primary population of solutions. This can be done
through a random process or by using some infor-
mation about the problem. The chromosomes are
then shown in tree expressions (ETs), which are also
evaluated according to a fit function to determine the
appropriateness of a solution in the problem area.
The fitting function is usually evaluated by process-
ing several sample problem targets, also called fitting
items. If a satisfactory quality is found in a solution
or a certain number of generations are achieved, evo-
lution will stop and the best solution will be found.
On the other hand, if the conditions are not met, the
best solution will be kept from the present generation
(meaning elite selection) and the rest of the solutions
will be left to the selection process. Selecting the role
of survival is worthwhile, and based on that, the best
parents are chosen among the best people to produce
the next generation. These processes are repeated
over and over until it is expected that the quality of
the generated population is improved. Figure 2 shows
the structure of single approaches (ANN, ANFIS, and
GEP).

Due to the high similarity of DWT wavelet
tool (db4) trend to the current study dataset, a db4
approach was selected. The db4 mother wavelet trend
is shown in Fig. 3. The ability of the wavelet method
has led to the development of wavelet hybrids with
other methods. In this study, the wavelet was hybrid-
ized with all three methods, ANN, GEP, and ANFIS
and their results were compared. Figure 3 shows the
used wavelet-hybrid approaches (WANN, WANFIS,
and WGEP) structure, and Fig. 4 shows the stages of
current research.

Calculating model performance

The performance accuracy of the models in the pre-
sent study was evaluated with four criteria, namely
squared correlation coefficient (R%), root mean square
error (RMSE), mean absolute error (MAE), and
Nash-Sutcliffe efficiency (NSE) as follows:

Zi’il (Epanio - Epano) (Epanie - Epane)

R =
N 2 «N 2
\/Zi=1 (Epanio - Epano) Zi=1 (Epanie - Epanc)
4
1 - 2
RMSE = ﬁ (Epanio - Epanie) (5)
i=1
N
1 2
MAE = ﬁ Z |Epanio - Epanie (6)
=1
2
(Fpa = Fpe)
NSE=1— panio panie
-\ @)
Epanio_ Epanie
where E, and E. are the observed and estimated

anio anie

Epan vah};es for ith rime step; N is the total number of
observations; and E,,, ~and E,, are the mean of
observed and estimated E,,,. A positive R? shows that
the correlation between observed and estimated values
has a positive slope. The RMSE value represents the
standard deviation of the estimating error of residuals;
its range of variation is from zero to large positive val-
ues which zero for perfect estimates and large positive
values for poor estimates (Ashrafzadeh et al., 2019;
Ghavidel & Montaseri, 2014; Hyndman & Koehler,
2006; ZamanZad-Ghavidel et al., 2020). Also, MAE
varies from zero for perfect estimates to large positive
values for poor estimates. NSE efficiency can range
from large negative values to 1. An efficiency of 1
(NSE=1) corresponds to a perfect match of estimated
and observed data. To train and test the models, 70%
of the data (2005-2014) and 30% (2015-2018) were
used, respectively. The training and testing ratio of
dataset was selected based on trial and error. In current
study, the data were normalized using Eq. 8.
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Fig. 2 Used single
approach (ANN, ANFIS,
and GEP) structure
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Fig. 3 Used wavelet-hybrid approach (a WANN, b WANFIS, and ¢ WGEP) structure
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Selection of study basins areas of Iran with various climatic
conditions based on Koppen Geiger climate classification.

.

Selection of appropriate stations and variables
as inputs for Epan estimation using F-test and
Pearson correlation coefficient, respectively.

L 2

Denoising the data using Wavelet analysis-
db4 mother wavelet in level 1.

¥

Modelling the Egan using data-driven methods.

~~

Wavelet-hybrid methods

<7

T
WANN

WANFIS WGEP

-

Evaluation and ranking of data-driven models.

o

Extraction of governing mathematical equations.

Fig. 4 Stages of current
research
Single methods
~~
ANN ANFIS GEP
X, = X - Xmin
e Xmax - Xmin (8)

where Xy, X, X,, and X, denote the normalize
data, observed data, minimum and maximum amount

of observed data, respectively.

Results and discussion

Wavelet theory and analysis

Decomposing the data into its sub-series was done
by using db4 wavelet analysis. Prospering utiliza-

tion of the db4 for data information in the hydrol-
ogy and meteorology field has been offered by many

@ Springer

researchers recently (Araghi et al., 2020; Montaseri
et al., 2018; Seo et al., 2015). The db4 wavelet decom-
posed at level 1 for P, T\ eans Tonins Lmaxs Us Higo Hio,
E,,,, and seasonal coefficient variables (SC, with the
values of 1 to 12 for September to October, respec-
tively). Table 2 illustrates two series of obtained
results based on wavelet analysis. The Al series is
known as the main decomposition and the D1 series
as the sub-decomposition or data noise. Removal
of the existing hidden noises in meteorological and
hydrological data that affect the model results can be a
powerful tool to increase modeling performance. Both
measurement errors and uncertainty in hydrological
phenomena are detected in the noise errors.
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Fig. 5 The observed and estimated monthly E,,, (mm) values with the ANN, ANFIS, and GEP and their wavelet-hybrid (W-) mod-
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Fig. 6 The observed and estimated monthly Epn (mm) values with the ANN, ANFIS, and GEP and their wavelet-hybrid (W-) mod-
els for Pol-Sorkh station and testing section
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Single models values for estimating E,,, variable

To estimate monthly E,,, three single data-driven
approaches, namely ANNj;, ANFIS;;, and GEP; (i=1
and 2 denote the number of basins for Urmia Lake
and Gavkhouni, respectively, j=1,.., 4 and 1,.., 6
denote the number of selected stations in Urmia Lake
and Gavkhouni basins, respectively), were used. The
ANN-Levenberg—Marquardt (LM) backpropagation
algorithm with one hidden layer was used. There is no
special rule for determining the hidden nodes’ num-
ber of ANN and radii values of the ANFIS models.
The final values of them were determined through the
trial and error process (were selected between 1 and
10 neurons number for ANN models). The results of
optimal single ANN, ANFIS, and GEP models by R?,
RMSE, MAE, and NSE values and specifications of

ANN (the number of neurons and activation functions
of hidden and output layers) and ANFIS (radii values)
models are listed in Tables 3, 4 for Urmia Lake and
Gavkhouni basins, respectively. The optimal num-
ber of hidden layer neurons of models (were selected
between 1 and 10 neurons number for ANN models)
for ANN,, to ANN,, and ANN,, to ANN, were var-
ied from 2 to 5. The activation functions of output
nodes were determined purelin or tansig or logsig for
the ANN estimated models of stations in Urmia Lake
and Gavkhouni basins with various climatic condi-
tions. For example, the activation functions of hidden
nodes of ANN,;, to ANN,, models were tansig-pure-
lin, logsig-purelin, tansig-purelin, and tansig-purelin
for Urmia Lake basin. The radii values of ANFIS,; to
ANFIS,, and ANFIS,, to ANFIS,¢ models were var-
ied from 0.22 to 0.32 and 0.18 to 0.36, respectively.

Table 3 The results of optimal ANN, ANFIS, and GEP models and their wavelet-hybrid for Urmia Lake basin (i=1) for 2005—

2018 study years and testing section

J Stations Approach Models R? RMSE (mm) MAE (mm) NSE
1 Shahid Single GEP,, 0.942 35.790 26.753 0.941
Kazemi ANFIS |, (0.32) 0.939 37.110 28.620 0.937
ANNj; (LM, tansig-pureline-3)° 0.935 38.452 30.033 0.932

Hybrid WGEP, 0.967 26.727 20.841 0.967

WANEFIS,, (0.38) 0.964 27.690 23.017 0.964

WANN|, (LM, tansig-tansig-3) 0.959 31.433 24.537 0.954

2 Pol-Sorkh Single GEP,, 0.952 26.360 19.649 0.950
ANFIS,, (0.28) 0.952 27.196 21.203 0.947

ANN;, (LM, logsig-pureline-2) 0.933 31.345 25.671 0.929

Hybrid WGEP,, 0.960 23.928 18.956 0.958

WANFIS,, (0.31) 0.952 25.580 20.974 0.952

WANN,, (LM, tansig-pureline-5) 0.949 28.420 23.158 0.940

3 Dashkhaneh Single GEP,; 0.932 29.291 20.403 0.910
ANFIS; (0.22) 0.931 29.984 20.791 0.906

ANN,; (LM, tansig-pureline-3) 0911 32.744 21.677 0.888

Hybrid WGEP; 0.960 21.055 15.638 0.951

WANFIS 5 (0.35) 0.961 23.681 18.128 0.937

WANN,; (LM, tansig-tansig-4) 0.942 26.687 20.020 0.921

4 Lighvan Single GEP, 0.969 19.467 15.432 0.952
ANFIS,, (0.32) 0.939 24.791 18.016 0.922

ANN,, (LM, tansig-pureline-2) 0.904 29.397 19.877 0.891

Hybrid WGEP,, 0.973 15.839 11.923 0.968

WANFIS,,(0.41) 0.962 20.035 15.396 0.948

WANN,, (LM, tansig-pureline-2) 0.963 21.092 15.621 0.942

“Radii values

®Training algorithm, hidden layer activation functions, output layer activation functions, number of neurons in hidden layer
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Table 4 The results of optimal ANN, ANFIS, and GEP models and their wavelet-hybrid for Gavkhouni basin (i=2) for 2005-2018

study years and testing section

j Stations Approach Models R? RMSE (mm) MAE (mm) NSE
1 Ghaleh- Single GEP,, 0.942 26.302 21.643 0.951
Shahrokh ANFIS,(0.18) 0.924  30.492 24.448 0.921
ANN,, (LM, tansig-tansig-2) 0.920 32.495 26.561 0911
Hybrid WGEP,, 0.954 23.782 19.074 0.984
WANFIS,,(0.24) 0.947 25.972 20.884 0.941
WANN,, (LM, tansig-pureline-3) 0.939 27.164 20.249 0.936
2 Mahyar Single GEP,, 0.940 37.806 31.951 0.922
ANFIS,,(0.28) 0.937 51.507 41.147 0.856
ANN,,(LM, tansig-tansig-3) 0.924 54.145 42.112 0.840
Hybrid WGEP,, 0.978 28.915 24.488 0.954
WANFIS,,(0.32) 0.972 33.588 28.965 0.937
WANN,,(LM, tansig-pureline-2) 0.949 46.173 38.292 0.881
3 Izad-Khast Single GEPy, 0.963 29.845 25.942 0.946
ANFIS,5(0.32) 0.954 34518 27.962 0.928
ANN,;(LM, tansig-pureline-5) 0.939 36.745 28.801 0.918
Hybrid WGEP,; 0.972 26.319 22.100 0.957
WANFIS,;(0.35) 0.969 29.882 24.706 0.945
WANN,;(LM, tansig-tansig-3) 0.952 33.197 26.551 0.932
4 Morcheh-Khort Single GEP,, 0.895 80.774 61.570 0.792
ANFIS,4(0.36) 0.874 83.146 62.396 0.758
ANN,,(LM, logsig-pureline-3) 0.858 85.237 63.048 0.709
Hybrid WGEP,, 0.921 70.318 57.815 0.796
WANFIS,,(0.28) 0.917 74.220 58.455 0.769
WANN,,(LM, tansig-tansig-4) 0.904 81.576 63.035 0.731
5 Meymeh Single GEP,; 0.971 23.493 19.728 0.968
ANFIS,5(0.21) 0.968 25.281 21.565 0.963
ANN,5(LM, tansig-pureline-5) 0.951 30.635 24.443 0.945
Hybrid WGEP,5 0.979 20.651 17.295 0.975
WANFIS,5(0.39) 0.970 23.997 18.402 0.966
WANN,5(LM, tansig-logsig-2) 0.954 29.787 18.653 0.947
6 Pol- Single GEP,, 0.934 28.958 20.295 0.920
Zamankhan ANFIS,4(0.33) 0919  31.122 21.904 0.908
ANN,(LM, logsig-pureline-3) 0.909 33.169 25.663 0.895
Hybrid WGEP,¢ 0.959 25.881 19.784 0.934
WANFIS((0.27) 0.952 27.897 21.514 0.909
WANN,((LM, tansig-tansig-5) 0.935 32.022 24.422 0.898

The values of R%, RMSE, MAE, and NSE for sta-
tions of Urmia Lake basin with Dsa climate classifi-
cation corresponding to the ANN, to ANN,, models
were varied from 0.904 to 0.935, 29.397 to 38.452,
19.877 to 30.033, and 0.891 to 0.932, respectively.
The values of R?, RMSE, MAE, and NSE for stations
of Gavkhouni basin with Bsk climate classification
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corresponding to the ANFIS,; to ANFIS,¢s models
were varied 0.874 to 0.968, 25.281 to 83.146, 21.565
to 62.396, and 0.758 to 0.963, respectively. Con-
cerning the GEP models, the root relative squared
error (RRSE) was selected as the fitness function
with pressure tree. The values of R* and RMSE for
GEP,, to GEP,, and GEP,, to GEP,, models of E,,,
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estimations for the selected stations of Urmia Lake
and Gavkhouni basins were varied from R%: 0.932
to 0.969 and RMSE (mm): 19.467 to 35.790 and R%:
0.895 to 0.971 and RMSE (mm): 23.493 to 80.774,
respectively. Tables 3, 4 mention the results of R?,
RMSE, MAE, and NSE values for ANN, ANFIS, and
GEP models to estimate monthly E,,, variable for
selected stations of both Urmia Lake and Gavkhouni
basins with Dsa and Bsk climate types. Result of
analysis showed that the artificial intelligence models
are highly dependent on the training data (Chia et al.,
2020).

Wavelet-hybrid models values for estimating E,,,
variable

For improving the impact of single data-driven mod-
els and development of the hybrid-wavelet ANNj,
ANFIS;, and GEP; (WANN;, WANFIS;, and
WGEP;) estimation models via wavelet tools, the
first stage is to decompose the selected climatology
variables, into the subseries of details and approxima-
tions (Al and D1 series) using a DWT wavelet tool
(db4) that were written in MATLAB by researchers.
To build and develop the hybrid-wavelet E,, esti-
mation models (WANN, WANFIS, and WGEP), D1
decomposed subseries were recognized as noise and
removed from the models. After noise reduction, Al
decomposed subseries with positive values for posi-
tively selected variables were estimated separately
with ANN, ANFIS, and GEP models.

The results of optimal wavelet-hybrid WANN,
WANFIS, and WGEP models by R?, RMSE, MAE,
and NSE values and specifications of models for
selected stations of both Urmia Lake and Gavkhouni
basins with Dsa and Bsk climate classification are
listed in Tables 3, 4, respectively. The optimal num-
ber of hidden layer neurons of models (were selected
between 1 and 10 neurons number for WANN
models) for WANN,, to WANN,, and WANN,,
to WANN,¢ were varied from 2 to 5. The radii val-
ues of WANFIS,; to WANFIS,, and WANFIS,, to
WANTFIS ¢ models were varied from 0.31 to 0.41 and
0.24 to 0.39, respectively.

The values of R?> and RMSE for stations of Urmia
Lake and Gavkhouni basins with Dsa and Bsk cli-
mate classification corresponding to the WANN,,
to WANN,, and WANN,, to WANN,, models were
varied from R* 0.942 to 0.963 and RMSE (mm):

21.092 to 31.433, R* 0.904 to 0.954 and RMSE
(mm): 27.164 to 81.576, respectively. On the other
hand, the values of R* and RMSE corresponding to
the WANFIS,; to WANFIS,, models were varied
from R%: 0.952 to 0.964 and RMSE (mm): 20.035 to
27.690 for stations of Urmia Lake basin, respectively.
The values of R* and RMSE for WGEP,; to WGEP,,
and WGEP,,; to WGEP,, models of E,,, estimates
for the selected stations of Urmia Lake and Gavk-
houni basins were varied from R* 0.960 to 0.973 and
RMSE (mm): 15.839 to 26.727 and R*: 0.921 to 0.979
and RMSE (mm): 20.651 to 70.318, respectively.

Figures 5, 6, 7, 8, 9, 10, 11, 12, 13, 14 illus-
trate the main and estimated monthly E,, val-
ues for ANN, ANFIS, and GEP models and their
wavelet-hybrid models for study stations located
in Dsa and Bsk climate -classification, respec-
tively. The R’ values for single and wavelet-hybrid
data-driven models are close to 1, with the qual-
ity relations being R’Grp>R%snpis>Riany  and
R%woep> R2wanris > R2wany for all stations studied
basins. For example, for Dashkhaneh station in the
Urmia Lake basin, the percentage of WGEP, WAN-
FIS, and WANN performance improvement com-
pared to GEP, ANFIS, and ANN is 28%, 21%, and
18%, respectively. Also, the percentage of WGEP,
WANFIS, and WANN performance improvement
compared to GEP, ANFIS, and ANN is 24%, 35%,
and 15%, respectively, for Mahyar station in the
Gavkhouni basin. The proximity to the value of one
of a coefficient of the fitted equation (y=ax) to the
observed and estimated values indicates better perfor-
mance of the model. As Figs. 5, 6, 7, 8, 9, 10, 11,
12, 13, 14 display, WGEP,; to WGEP,, and WGEP,,
to WGEP,, models for stations of Urmia Lake and
Gavkhouni basins have the closest values to one,
respectively.

The results of all applied models established that
the ANFIS model exceeded the ANN models’ perfor-
mance and WANFIS model exceeded the WANN:S;
also, the GEP and WGEP models had a better per-
formance for monthly E,, estimation than two other
single and wavelet-hybrid applied models for both
basins, respectively.

The box-plots are a graphic for showing image
information instead of estimated monthly E,,,
data. One of the best ways to accurate distribution
understanding of estimated data is the box diagram,
which is based on the five values of “minimum”,

@ Springer



355 Page 18 of 32

Environ Monit Assess (2021) 193:355

Table 5 Developed GEP and WGEP mathematical equations of the E,,,, estimation for 2005-2018 study years

Basin Station Equation
Urmia lake Sh;(lhid ) GEP Epun i = (((Tmeany ) x (Tmean,, — Tmin, ,)) + (Tmean,)) + ((tan™' (Tmin,,))
e X (Tmeanx,l)) + (((Tmeanm - Trninx,l) X (talf1 (Tmeanx,l))) + Tmeanx,l)
WGEP Epnx, = (Tmean,) + (Tmeanxiyl X (8.38 x (8.48 — Tmaxxyl))é) + (Tmax,,)
POFSOrK OBF B =((Tming,)* + Tmin, ) + ((SCy + (2.69 X Trmeany, )) x Sin(SC,))
(Tmean + Tmax l)
WGEP  E .. =(Tmin,, X (exp(tan™" ((Tmin,,) x (exp(H12,, + Tmin,,))))))
+ (4.81 X Tmin, , (( Tmaxxl) X Tmean, )
Dashkhaneh  GEP Epn i =(9-28 X Tmax, ) + ((Cos(Ln(SCxl))) (Tmax,,))
+ ((exp(tan™" (H18,, — 7.53))) — ((H18x,,) — ((SCy +8.53) — (Tmean,,))))
WGEP  E . =(7.26 x Tmax, ) + ((51.09 - H18, ) — SC,)
— Tmin,, + 0.061 + 576Tmean, ,/(1.74 + Tmax, )
igh G . an~! (0. -0. mean,
Lighvan EP Epan xt = (829 X TmlnX,l) + (t Efg:;;éx,,o/;ii:nx,.) ))) + (615 + Tmaxx't)
WGEP  E ... =(Tmean, X ((exp(tan”" (Tmean,))) X ((tan™" (H18, ) + 0.65)))
+ ({/Py) + (Tmean, X (exp(cos(tan™' ((SC,,, — 7.66) + ({/H18, ))))))
Gavkhouni  Ghaleh- GEP
avitiont Sallujhrokh Epan Xt =<(Tma\xx’t + Tminx’t) X < Y (Tmaxx,[ + 7.73))) + ((Cos(Tmeanx’t)) - Tminx’t)
#((((rmaxy)’ = (1ns W) ) (W) ) = (Cos(Wy,)) )
WGEP  E . =(tan™" (Tmax,)) + ((((0.16 — Tmin, ) — Tmean, ) - SC, ) + (Cos(2x P,)))
+ <<</<(Tmaxxvt) X (Ln(HlZXVI)2)>> X (Tmeanxyt)>
Mabvar OB e =((Tming ) = (Tming,) ) + (5069.59 + H12,,)
+ ((Sin(SCy,)) % (0.97 x ((SC,, — Tmax,,) — Tmax,)))
WGEP Epnxt (((Cos(—0.87 — Tmax,,)) — ((\3/ Wx’l) x (0.087 — Tmeanx,l)>) - (Tmaxx’l))
+ ((((3/1meany, ) x (-3.52=5C,,) ) + BTD)) + (Tmax,,) ) + (Tmean,,)
Izad-Khast ~ GEP Epun s =((Ln((1.65 x P,) + (Tmax,  /SCy,))) + (7.35 X (Tmax + Tmean,,)))
+ (3 53+ ((\/ Xl) ((Tmean,, — 4.94) + (SC,, — Tminx’l))>>
+ (2 57 x ((,/ X‘) (H12,, ))
WGEP
Epnxe = <(< 752><Tmean )) Cos H12 >+56.61>
((13 91 X Tmean, ) — (( —2.21 X Tmin, ) (HIZU +SCXY1))) + (Tmaxx’[)
Mg;::th— GEP Epan xit =<</(Tmeanxvl X (((Tminxv‘ + 7.49) X Tmeanm) X (WM — P“)))>

+ (Tmeanx_l + <—7.88 - ( ¢ (SCX., x W‘>>)) + ((Sm(\Z/E) lezx_l) x 2.98)
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Table 5 (continued)

Basin Station Equation
WGEP  E_ . =(((2x H12,,) + (Tming, — 6.74)) + ((Cos(H12,,)) — SC?))
3 . 2
+ <\/<Tmaxx,l X <((W,‘,l + Tmin, ) —293.29) X (Tmean, ) ))>
+ (Ln(Sin (EXP(tzm_l ((Cos(Tmax, /Tmin,)) — (H18, , X Tmean,))))))
Meymeh  GEP o= (676X Tmin,,) + (667 Tmax,,) + <Tminxvl x <cOs < (Cos(Py,)) x <,3/ Tminxf) ) >>
WGEP
Epun =({/<((Tmaxm +2.61) X W) + ((Tminx,l -P,)x (SCx,l)z))>
+ ((Sin (SCXYl + Tminxyt)) + ((,2/ Tmaxx,[) X (2 X Tmeanx’l) )) + (Tmeanx’t - SCM)
Pol- GEP Epan i =(H12, + ((Tmin, , — (SC,, — 4.52)) — (H18,, — Tmean,,)))
Zamankhan

+ (H12,, + ((Tmin,, — (SC,, — 4.52)) — (H18,, — Tmean,,)))
+ (5.62 X Tmaxxwl)

WGEP  E .. = ((Tmax,, X Ln(Tmax,,)) x (Sin(2.85/H18,,))) + (6.02 X Tmin, ;) + (5.04 X Tmax, )

“first quartile (0.25%)”, “median (0.50%)”, “third
quartile (0.75%)”, and “maximum” values. It is also
showing the symmetry of the data on the efficiency

of this graph. It is worth noting that the focus
and even the sloping of the data are shown in this
graph. Figure 15 displays the boxplots of estimated
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Fig. 9 The observed and estimated monthly Epn (mm) values with the ANN, ANFIS, and GEP and their wavelet-hybrid (W-) mod-
els for Ghaleh-Shahrokh station and testing section
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Fig. 14 The observed and estimated monthly E,,,
els for Pol-Zamankhan station and testing section

E,,, values for Urmia Lake and Gavkhouni basins.
Based on the graphical results, the estimated E,,,
values of Shahid-Kazemi and Morcheh-Khort have
maximum values of the median for Urmia Lake and
Gavkhouni basins, respectively. Lighvan and Pol-
Zamankhan stations have the lower estimated data
variation coefficient for Dsa and Bsk climate type,
respectively.

The special and unique structure of each model is
the main factor in the difference in the performance of
models. Because the basis of the GEP method is gen-
eration and chromosome production, this method has
a high priority over the performance of other models.
Also, the ANFIS method, which involves a combi-
nation of fuzzy rules and neuron structure, has high
relative performance compared to the ANN method,
which only includes the structure of neurons. By
eliminating the data noise and the ability to establish
very complex nonlinear relationships in its structure,
wavelet analysis greatly enhances the performance of
single models in all methods and climate types. Pri-
oritization of model performance corresponds to dif-
ferent climatic conditions. Climatic conditions only

@ Springer

(mm) values with the ANN, ANFIS, and GEP and their wavelet-hybrid (W-) mod-

affect the performance amount of the models but not
their priority. However, the results of the three meth-
ods and their wavelet-hybrid could be acceptable for
estimating the monthly E,, variable in basins with
Dsa and Bsk climatic types. On the other hand, in
current research, applying the seasonal coefficient for
both Dsa and Bsk climatic types is another factor that
makes the results acceptable and strongly to estimate
the monthly E,, . It is necessary to mention that Dsa
is a climate where there is at least 1 month colder
than—3 °C and summers are dry and hot. This kind
of climate is usually at high elevations near locations
that are warm temperate with dry, hot summers. Also,
Bsk is a climate whose mean annual temperature is
less than 18 °C and is too dry to support a forest, but
not dry enough to be a desert, usually consisting of
grassland plains.

The most important and practical advantage of
the GEP and WGEP compared to other data-driven
methods (ANFIS, ANN, WANFIS, and WANN) is
in developing predictive equations to show the math-
ematical relationships between the model inputs and
outputs. The development of mathematical relations
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Fig. 15 Boxplot of the estimated monthly E

derived from the method of GEP and WGEP in vari-
ous climates can provide a clear framework for deter-
mining the influencing factors on the rate of E,,, esti-
mation in the region at different time and space scales.
Also, these equations in the form of an affliction

framework can be a good alternative to experimental

pan for the Urmia Lake and Gavkhouni basin and testing section

mathematical relations and avoid wasting time and
money. Table 5 lists the equations obtained with the
optimal GEP and WGEP models for the monthly E,,
variables for both studied basins with various climatic
conditions. The fitted equations can be applied at var-

iable spatial and temporal scales, practically. Table 6
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Table 6 The ranking of models results by climate type

Basin Dsa (Urmia Lake)

Stations Shahid Kazemi Pole-Sorkh Dashkhaneh Lighvan

Ranking

1 WGEP,, WGEP,, WGEP 5 WGEP,,

2 WANFIS, WANFIS,, WANEFIS 4 GEP,,

3 WANN|, GEP,, WANN |, WANFIS, ,

4 GEP,, ANFIS |, GEP,; WANN,,

5 ANFIS |, WANN,, ANFIS; ANFIS 4

6 ANN,, ANN,, ANN,; ANN,,

Basin Bsk (Gavkhouni)

Stations Ghaleh-Shahrokh Mahyar Izad-Khast Moorch-Khort Meymeh Pole-Zamankhan
Ranking

1 WGEP,, WGEP,, WGEP,, WGEP,, WGEP, WGEP,¢

2 WANFIS,, WANFIS,, GEP,; WANFIS,, GEP,; WANFIS ¢
3 GEP,, GEP,, WANFIS,, GEP,, WANFIS, GEPy

4 WANN,, WANN,, WANN,; WANN,, ANFIS,5 ANFIS,¢
5 ANFIS,; ANFIS,, ANFIS,; ANFIS,, WANN,5 WANN,¢
6 ANN,, ANN,, ANN,; ANN,, ANN,;5 ANN¢

summarizes the model’s performance by ranking for
each studied station of Dsa and Bsk climate classifi-
cation, respectively. The results indicated that WGEP
and ANN are the best and poorest models for all sta-
tions without affection for climate conditions in both
basins. The selected models in this study were used to
predict E,,,, in two different climates.

Abghari et al. (2012) applied ANN and WANN
models for estimating daily pan evaporation. Their
results reflected the fact that the performance
improvement of WANN compared to ANN mod-
els were varied from R: 3.88% to 9.60% and RMSE:
7.65% to 20.99% for the testing section. Qasem et al.
(2019) applied wavelet support vector regression
and wavelet artificial neural networks for estimat-
ing monthly pan evaporation at Tabriz and Antalya
stations. Their results showed that performance
improvement of wavelet hybrid models compared to
single models was varied from R:—1.12% to 0.10%,
RMSE: -23.63% to 5.5%, MAE: —34.03% to 8.21%,
and NSE:—2.28% to 0.31% for Tabriz station and
from R:—0.53% to 0.76%), RMSE: —9.2% to 4.61%,
MAE: —13.14% to 5.65%, and NSE: —2.74% to 1.79%
for Antalya station. Ghaemi et al. (2019) applied
MARS, WMARS, M5, and WM5 methods for esti-
mating monthly pan evaporation. Their results showed

@ Springer

that the performance improvement of WMS5 compared
to M5 models was varied from R: —18.35% to 1.61%,
RMSE: -57.60% to 23.42%, MAE:-71.96% to
29.66%, and NSE: —33.46% to 7.35 for validating sec-
tion. Also, the performance improvement of WMARS
compared to MARS models were varied from
R:—19.75% to 2.70%, RMSE: —134.33% to 26.75%,
MAE: —126.80% to 18.04%, and NSE:—53.61% to
9.38 for validating section.

Our results showed that the performance improve-
ment of applied models (wavelet-hybrid models com-
pared to single models) are ranged from R*: 0.00%
to 6.53%, RMSE: 2.77% to 34.79%, MAE: 0.02% to
29.61%, and NSE: 0.11% to 9.46% for all study sta-
tions in both climate categories. By comparing the
performance improvement of different criteria, it can
be achieved that the elimination of data noises in all
cases has improved the performance of the models. In
previous studies, which only presented a combination
of models with wavelet theory without noise elimina-
tion, the performance improvement was either inverse
or direct. Also, due to the uncertainty in hydrological
phenomena and the need to remove them from mod-
eling confirms the usability of the introduced new
structure of modeling in current research. Besides, the
improvement amount of various criteria is consistent
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with previous studies and showed the optimal perfor-
mance of the models. Also, the special importance
of the criteria, which is including the error of the
models such as RMSE and MAE (Willmott & Mat-
suura, 2005; Chai and Draxler, 2014), and the need
for a combined and overall evaluation of the used per-
formance criteria, including R2, RMSE, MAE, and
NSE criteria, justifies the percentage of performance
improvement of the wavelet-hybrid models compared
to the single ones. These results indicate the applica-
bility of wavelet-hybrid methods by eliminating the
important factor of uncertainty in hydrological phe-
nomena. On the other hand, the execution time of
wavelet-hybrid models compared to single models
has relative reductions that were varied from 1 to 5%.
In addition to the selection of meteorological vari-
ables, the choice of seasonal coefficient variable as
input variables can also improve the performance of
wavelet-hybrid models. A comparison of the results
of similar models in the two climates showed that
due to the structure of the models, the type of climate
did not make a significant difference in the model’s
results. The reason is that data-driven models with
their unique structures could have the ability to pre-
dict in both types of regions. Elimination of noises,
caused by human and natural factors, from the meas-
ured data can bring their values closer to the amount
of real observations in nature, which in turn improves
the performance of wavelet-hybrid models. The
results of this study are consistent with the results
of the findings by Pammar and Deka (2017), Araghi
et al. (2020), and Malik et al. (2020).

Conclusion

In this study, ANN, ANFIS, and GEP models, as well
as a hybrid of these methods with wavelet theory,
were used to calculate the amount of monthly E,,, in
basins with various climate categories. Four stations
from the Urmia Lake basin and six stations from the
Gavkhouni basin were selected based on the proper
distribution of station at a 99% probability level using
F-computational values to apply and assess the mod-
els. To increase the accuracy of the monthly E,,
estimation, noise elimination of climate data was per-
formed and seasonal coefficients were used for each

station with different climate conditions.

The performance accuracy of the different applied
models in this study was evaluated with R, RMSE,
MAGE, and NSE statistics. The results of R? values for sin-
gle and wavelet-hybrid data-driven models are close to 1,
with the quality relations being: R*ggp> R anris > REann
and R%ygpp> R:wanrs > RAwany for all stations studied
basins. Results showed that the GEP method has a high
priority in terms of performance compared to the other
models. In addition, performance of single models in all
methods was greatly enhanced by eliminating the data
noise and establishing complex nonlinear relationships
in wavelet structure. Due to the mathematical relation-
ship that can be used at different time and places, the
WGEP model had a high priority over other models in
terms of performance.

In the continuation of this research, it is suggested
that researchers estimate E,,, by empirical formulas
and compare the results of these models with data-
driven methods. It is also recommended that E,,
be estimated on a daily scale and various climate
categories to provide a strong framework of data-
driven models for different climate conditions. This
study can have a significant impact on the manage-
ment, monitoring, and planning of water resource
policymakers. Scientists can achieve more accurate
results with fewer errors based on proper perfor-
mance and high accuracy of estimation in Al meth-
ods than experimental methods. Also, the presented
mathematical relationships in the GEP and WGEP
methods show the important variables influencing
the estimation of the E,,. The organizations such as
meteorological, water resources management, and
environmental organizations can benefit from the
results of current research (see Figs. 16, 17, 18, 19
for more detail of wavelet analysis decomposition and
Table 7 for the values of correlation between used
data).
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Fig. 17 D1 wavelet analysis decomposition for Pol-Sorkh station in Urmia Lake basin
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Table 7 The absolute value of Pearson correlation coefficient between variables and E,,
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Gavkhouni

Urmia Lake

Basin

Shahid Kazemi Pol-Sorkh Dashkhaneh Lighvan Ghaleh-Shahrokh Mahyar 1zad-Khast Morcheh-Khort Meymeh Pol-Zamankhan

Variables

0.506""
0.941"

0.621™

0.341™

0.504™
0.962"
0.957"
0.956™
0.325™
0.931"

0.459"
0.961"™

0.610™

02717

0.260"
0.936™
0.944™"
0.944™"
0.285™
0.613"

0.553""
0.963"
0.959""
0.960""
0.456""
0.389""
0.422™

0.572"
0.958™
0.948""
0.961"

0.965™
0.970™
0.964™
0.622""
0.869™
0.853"

0.913"

0.911™

0.961"

Tmcan
Tmin

0.936™
0.945"
0.268"
0.793"
0.768""

0.924""
0.887"
0.593™
0.806™
0.763"

0.965""
0.950""
0.620™
0.696""
0.612"

0.868""
0.922"
0.290™
0.846™
0.738"™

0.942™
0.952"

max

0.262"
0.831"

0.232™
0.804™
0.649™

18

Hl2

0.892™

0.719™

0.501™

Correlation is significant at the 0.01 level (2-tailed)

ExY
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