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ABSTRACT

Measurement of evaporation in the field is difficult and expensive; thus, the empirical evaporation estimation
methods have been developed. However, these estimation methods have both advantages and disadvantages. The
main disadvantage is that their coefficients were determined by the climatic conditions of the study areas. One of
these methods is Penman. The Penman method, accepted as a reference, has reached the closest estimations to
the measurement of evaporation in the field of the different parts of the world. However, it needs lots of
measured climatic data. The Priestley-Taylor method was derived to reduce the measured data needs of the
Penman method. Priestly and Taylor represented the variables such as saturated and actual vapor pressures and
wind speed with o coefficient of 1.26. The researchers have continued to study on the calibration of the o
coefficient for their studies’ area since this method has been known to underestimate evaporation value in areas
where advection is effective. The present study consists of two stages. First, evaporation was tried to be
estimated with these two methods by using the measured climatic data of five meteorological stations in the
Konya Closed Basin. Estimated values were evaluated making comparison with the pan measurements.
Although slightly higher values were estimated from the pan measurements with each method, the Penman
method was found to be relatively more consistent on the basis of statistical indicators. Second, o, coefficient
was obtained as 1.28 for the study area by using three artificial intelligence-based optimization algorithms. The
Penman method was used for comparison in this stage. It was concluded that there was no need for any
calibration of the a coefficient and the original one was found to be valid for the study area as well.
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Arazide buharlasma Olgimii zor ve pahahidir; bu sebepten ampirik buharlasma tahmin yontemleri
gelistirilmektedir. Ancak bu tahmin yontemlerinin avantaj ve dezavantajlar1 vardir. Baglica dezavantaj,
katsayilarinin ¢aligsma alanlarmin iklim kosullarina gore elde edilmis olmasidir. Ampirik yontemlerden biri
Penman'dir. Referans kabul edilen bu yontem, diinyanin farkli yerlerinde arazide olgiilen verilere en yakin
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tahminlere ulagsmaktadir. Ancak, ¢ok sayida Olgiilen iklimsel veriye ihtiyag duymaktadir. Penman yonteminin
Olgiilen veri ihtiyaglarin1 azaltmak igin Priestley-Taylor yontemi gelistirilmistir. Priestly ve Taylor, doymus ve
gercek buhar basinglar1 ve riizgar hizi gibi degiskenleri degeri 1,26 olan o katsayisi ile temsil etmislerdir. Bu
yontemin adveksiyonun etkili oldugu yerlerde daha az buharlasma degeri tahmin ettigi bilindiginden,
aragtirmacilar hala o katsayisinin kalibrasyonu tizerinde c¢alismaktadirlar. Sunulan calisma iki asamadan
olusmaktadir. ilk olarak Konya Kapali Havzasi'ndaki bes meteoroloji istasyonunun dlgiilen iklimsel verileri
kullanilarak bu iki yontemle buharlasma tahmin edilmeye ¢alisilmistir. Tahmini degerler buharlagma tavasi
Olgtimleri ile karsilagtirilmistir. Her bir yontemle tava ol¢limlerinden biraz yiiksek degerler tahmin edilse de
Penman ydntemi istatistiksel gostergeler temelinde nispeten daha uyumlu bulunmustur. Ikinci olarak, yapay zeka
tabanli ii¢ optimizasyon algoritmasi kullanilarak caligma alani i¢in o Katsayisi 1,28 olarak elde edildi. Bu
asamada kargilagtirma igin Penman yontemi Kullanilmustir. o katsayist i¢in herhangi bir kalibrasyona gerek
olmadig: ve orijinal halinin ¢alisma alan1 i¢in de gegerli oldugu sonucuna varilmstir.

Anahtar Kelimeler- Penman, Priestly-Taylor, Buharlasma

I.INTRODUCTION

Evaporation, accurate measurement of which is difficult and time-consuming, is the amount of water
lost from open water surfaces. The main reason for the difficulty is the lack of instrumentation to reliably
measure evaporation. One of the direct methods to measure evaporation is the eddy-covariance. The eddy-
covariance method is based on determination of the rate of upward movement of water vapor near the surface by
vertical air movement and absolute humidity. The required data are obtained with the help of the mechanic
sensors. This method has strong theoretical background and requires no making assumptions about parameters;
thus, the evaporation values were accepted as correct. However, it is expensive and generally used for relatively
small areas [1]. Another direct and relatively inexpensive measurement technique is evaporation pan.
Evaporation is measured directly using the metal container in all around the world. However, operation of it is
difficult, labor-intensive and readings are often complicated on rainy days. Class A evaporation pan, which is the
most used type in many countries including Turkey, has an area of 1 m? and a depth of 25 cm. The pan is filled
with water to a depth of 20 cm and then amount of evaporation is determined by measuring the decrease in water
level. One of the problems in pan measurement is that it gives overestimation in arid regions since the
surrounding air of pan tends it to be drier and hotter. However, it is known that it often gives realistic estimations
in humid regions because of the insignificant advective heat transfer. A pan coefficient is applied to consider
these effects. It is taken as 0.70 in Turkey. Another problem in evaporation pans is that they are often located at
meteorological stations which are near dams or natural lakes. Floating pans are also available, but they are not
preferred because there are some difficulties in their positioning and operation on the lake surface.

Evaporation is often estimated by measured meteorological data because of the mentioned difficulties in
obtaining accurate direct measurement of it under field conditions. These methods, called for indirect methods,
can be broadly grouped into several categories: empirical, water budget, energy budget and mass transfer. Input
requirements of these methods vary in complexity, ranging from single input (temperature only) to multiple
inputs (temperature, wind speed, humidity and solar radiation data). There is no universally accepted objective
criteria for selection of the most appropriate indirect methods. The selection of method is depended on the
meteorological data that are available. Although the methods derived with multiple inputs are usually considered
as accurate, long-term records of wind speed, humidity, and solar radiation data are often limited in many
regions. One of these indirect methods based on the combination of energy budget and aerodynamic equations
was developed by Penman [2]. Studies conducted in many parts of the world have shown that the Penman
equation gives very successful results in the estimation of open surface evaporation. Priestley and Taylor tried to
simplify the Penman equation with the coefficient a (1.26) which includes the effect of some of its variables [3].
However, there are some studies reported less evaporation estimation with this equation in cases where
advection, the horizontal movement of energy, is effective [4].

Some recent studies on evaporation can be mentioned into three groups. The first group of studies were
concerned about suggesting the empirical methods with needing less input variables that makes the best
estimation for their study areas [5-14]. The second group compares the performance of artificial intelligence
models, such as artificial neural networks and fuzzy logic with that of empirical equations, highlighting the
potential of these models [15-20]. Third group studies were interested in calibration of Priestly-Taylor
coefficient to improve the accuracy of estimating open water evaporation [21-26].

In this study, the Konya Closed Basin was chosen as the application area. Although the groundwater
reserve of the basin is considered to be relatively good, it is known to have limited surface water resources. In
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recent years, the increasing water demands due to drinking and irrigation water needs, excessive groundwater
consumption for agricultural activities etc. is tried to be met by transferring water from the neighboring basin.
Therefore, accurately estimating the evaporation amount has become increasingly important for this basin. In
this context, potential evaporation amounts were estimated using the Penman method and the Priestley-Taylor
method. These estimated values were then compared to evaporation pan measurements. The coefficient (o) in
the Priestley-Taylor method, which represents variables such as saturated and actual vapor pressures and wind
speed, was evaluated for the study area by using Particle Swarm, Artificial Bee Colony, and Differential
Evolution optimization algorithms. The Penman method was used for comparison in this stage. The results
showed that there is no need for calibration of the a coefficient and the original value is valid for the study area
as well.

I1. MATERIAL AND METHODS
A. Material

The daily measurement data of air temperature, relative humidity, wind speed, solar radiation and pan
open water evaporation (Ep,,) from 2000 to 2019 were obtained from the five meteorological stations established
and operated by Turkish State Meteorological Service. Location of the selected stations in the Konya Closed
Basin are illustrated in Fig.1. Metadata and moment values of E,, for utilized stations are given in Table 1.
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Figure 1. Locations of selected stations in the Konya closed basin.

Table 1. Metada and First, Second and Third Moment values for Ep,, for utilized stations.

Moment values of Epap,

Skewness
Station Name  Station No.  Altitude (m) Latitude Longitude Mean Standard Deviation
coefficient
(mm) (mm)
Aksaray 17192 970 33.59 38.22 6.69 271 0.04
Eregli 17248 1046 34.02 37.31 6.05 2.42 -0.28
Karapinar 17902 996 3331 37.42 6.12 242 -0.14
Karaman 17246 1026 33.13 37.11 7.06 2.76 -0.09
Konya 17244 1018 32.34 37.59 5.98 2.69 0.20

1)Data Imputation: Missing data was detected in the measurement of Ep,, and solar radiation at each
meteorological station. The daily measurements of Ep,, were not consistently available for each station from
November to April. Moreover, there were also some missing data in the existing data set. The percentages of
missing Epan (Solar radiation) data are 14(6) %, 8(46) %, 4(3) %, 47(45) % and 1(65) % at Aksaray, Eregli,
Karaman, Karapmar and Konya stations, respectively. Since the empirical evaporation estimation methods were
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applied to the stations separately and both utilized empirical methods require solar radiation data, the Radial
Based Function (RBF) surrogate interpolation method was used to complete the missing solar radiation data.
This method was chosen because it can accurately model the curvature of multidimensional data. The thin-plate-
spline (TPS) function was selected as the non-linear function, as it is known to provide the most accurate results
for scattered data approximations [27]. Before proceeding to the statistical analysis, the homogeneity of the data
was tested using Pettitt, Buishand, Standard Normal Homogeneity, and VVon-Neumann tests [28].

B. Methods

1) Penman: Energy budget and mass transfer methods were combined as [29]:
_ A(Rps—G)+V.Ea

@) pw M)
E.=6.43(ay+by*U,)(es-€,) 2

)
where E: evaporation rate from open water surface in mmday™; A: gradient of saturation vapor pressure at air
temperature in kPa°C™; A: is the latent heat of vaporization (MJkg?); G: soil heat flux in MIm?day™; y:
psychometric constant in kPa°C™; u,: wind velocity at 2 m height in m/s; R,s: net radiation in MJmday™; e;:
saturation vapor pressure of air in kPa; e,: actual vapor pressure of air in kPa; E.: evaporation due to mass
transfer of vapor in mmday™; a,, and b,,: constants; p,,: water density in kg/m>.

AE

2) Priestly-Taylor: Priestley and Taylor derived an equation with temperature and solar radiation
variables. The formula is intended to be used in the areas where the meteorological parameters measurements
required in the Penman method are not available. By reducing the vapor pressure difference and convection
terms to an empirical coefficient o, they developed the following relation:

_ A (Rns—G

E= O(A+y( A ) (3)

Priestley and Taylor determined the o coefficient as 1.26 [3]. This method generally gives accurate
estimates of potential evaporation under minimum advection condition.

3) Artificial Intelligence Optimization Algorithms: The optimization is simply the process of finding
the best solutions for the problems under the given constraints. The solutions for optimization problems are
achieved through the use of algorithms that rely on mathematical expressions in a way that were provided certain
constraints. Optimization problems can be represented as:

minimize f(X) 4
constraints g (X)<0 (5)
ijm <x;< ijax J =1,..,n (6)

f(X) is the objective or cost function; gx(X) is a set of constraints and X={X, X,, Xs, ..., Xn}is a set of real-valued
variables. The aim is to find the best solution that meets all the limitations of the problem [30].

3.1) Particle Swarm Optimization (PSQO): Particle swarm optimization is an optimization method based
on swarm intelligence, developed by Kennedy and Eberhart [31]. The algorithm is established on routing
information obtained from the interactions between each bird in the swarm. Each individual is referred to as a
particle, and the population of particles is called a swarm. The goal of the PSO is to bring the positions of
particles in the swarm closer to the best position. This is achieved by calculating the positions and velocities of
particles using equations Egs. 7-8:

vi*l = w.vE + ¢;.randy. (pbest¥ — xK) + c,.rand}. (gbest® — x[) (7
X = xf oyl ®)
where K is iteration number; x; is j" particle position, and the velocity of the particle x; can be represented by v;;

w is the inertia weight. ¢; and ¢, are the scale factors that used to adjust the step length in each iteration. pbest is
the best position vector of each particle and gbest is the best position vector of the swarm.

3.2) Artificial Bee Colony (ABC) Algorithm: The Artificial Bee Colony (ABC) algorithm is modelled by
basing the search food behavior of the honey bees [32]. It tries to find the most appropriate value of the result
that gives the minimum or maximum of the problem from the solution space while searching the location of the
food resource having the most nectar [33]. The algorithm consists of the three phases: employed, onlooker, and
scout bees. There are certain assumptions made in this optimization model, including assigning an equal number
of bees to each food resource and having an equal number of employed and onlooker bees. When a food
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resource’s nectar is exhausted, the bee responsible for it becomes a scout bee. The basic steps of the ABC
algorithm are given below:

v Randomly generating the positions of food resources having nectar within the specified solution
space for the given optimization problem;
v' Directing the employed bees to the available food resources;

v’ Calculating probability values for each food resources based on information from the attendant
employed bees;

v Onlooker bees choose food resources based on the computed probability values;

v" Checking the limit values for each food resources if the limit is exceeded, a scout bee is generated
and the scout bee randomly selects a new food resource;

v’ Stopping the algorithm if the termination criteria are met [33].
Food resources positions (solutions) are assigned randomly for the initial scout bees by using Eq. 9:

X = X" + rand(0,1) * (" —x™")  i=1,.,RN  j=1,..M 9)

here, x™" and x;™ are lower and upper bound. x; is the first food resource positions that represented to the
possible solutions for the initial bee population. RN is the number of solution and M is the number of parameters
to be optimize. New food resources are defined by Eq. 10:

vi; = Xj5 + O (X5 — Xigj) (10)

here, k#i and x;; is old food resource position. x; is other food resource position in the search space. vj; is a new
food resource position and @ is a random number between (-1,1). The boundary conditions of new generated
food resource positions are controlled via Eq. 11:

ijm’ . < xmin
— min max
Vij = Vij» Xj < Vij < Xj (11)
Xmaks > ijm

The fitness values of each food resource are calculated by substituting the f; in the Eq. 12. The greedy
selection process is applied to select better one between v; (new food resource position) and x; (old food resource
position).

1/1+1) £ = 0]
/1 <0
where f; is the cost function value of the v;. The cost function changes from one problem to another. The scout

bees perform the selection of food area by using the probability values calculated by Eq. 13. SN is the number of
attendant bees.

p, = fitness; (13)

SN
X0y fitness;

fitness; = (12)

If the value of p; is greater than the randomly generated value between 0 and 1, a new food resource is
generated by Eq.10 and the best one from v; and x; is selected. This procedure is repeated until all onlooker bees
have spread out to food resources. The best solution is kept in mind.

3.3) Differential Evolution (DE) Algorithm: The differential evolution (DE) algorithm is a biological
based optimization method that works on the basis of the population. DE algorithm gives effective results for
problems with the solution spaces that has the intervals of continuous or discrete data [34]. The initial population
and control parameters are defined to satisfy following conditions: NP is the size of population (chromosome
number) NP >4 (1, 2, 3, ..., 1); D is the dimension of problem (gene number) (1, 2, 3, o ..,j); CRis the crossover
rate [0.1, 1]; Gy is k™ generation (1, 2, 3, ..., Ginax); F is the scale factor [0, 2]; x;ic is J " parameter (gene) of the

" chromosome at the G generation; n,.G+1 is the intermediate chromosome that the mutation and crossover
operators were applied to; uj;c+1 generated for the next generation from the Xj;¢ is the chromosome (child-trial);
r, r, and rs are the random numbers to be used for generating new chromosome. xJ and x;" are lower and upper
boundary for the variables. Because the next generation will be produced by using the current population, the
initial population is created by selecting randomly elements having the uniform distribution from research space
that has a well-defined constraint:

i <NPandj <D: XjiG=0 = xj(l) + rand;[0,1]. (x;' — x}) (14)
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In the DE algorithm, three chromosomes (ry, ry, rs) different from chromosome to be mutated are
selected. The mutation operation is performed for the difference of the first two of the selected chromosomes.
This difference is multiplied by scale factor, F and added to the selected third chromosome. Thus, the
chromosome to be used in crossover is obtained from mutation (nj;g+1):

Njici1 = Xrae T F-Xjre — Xjrp6) (15)

In the crossover step, a trial chromosome (ujic+1) is produced by using the difference chromosome
obtained after the mutation step and x;;c chromosome for a crossover rate (CR) providing crossover probability.

{ nj;G+1 if (randbj < CR) or j = rnbr(i)
Ujic+1 =

Xji,G otherwise } F12,....D (16)

where randb(j) is the jth evaluation of a uniform random number generator [0,1]; rnbr(i) is a randomly chosen
index from 1 to D which ensures that uj;c+1 gets at least one parameter from nj; 1. The criteria used in the
determination of new chromosome that will be pass to the next generation (G=G+1) is the fitness value of target
chromosome calculated from cost function (f(xj;c)). The fitness value of u;;c.: is compared to fitness value of
target chromosome and then the best chromosome is chosen for that generation with respect to fitness values.

. i i fQuyi641) < f(Xj5,6) (7)
jLG+1 T XiiG otherwise

II.RESULTS AND DISCUSSION

A. Evaporation Estimation by Penman and Priestley-Taylor Methods

The performance of the Penman and Priestley-Taylor methods was evaluated by comparing their
estimations to daily observed pan evaporation values (Ep,n). The available daily Ep,, measurements from April to
November over a period of ten years were used as independent indicators of potential evaporation. While there
are inherent differences between open water areas and evaporation pans, this comparison allows us to
demonstrate the accuracy of the estimations. The methods were assessed using the coefficient of determination
(R?), the Mean Square Error (MSE), the ratio between estimated evaporation and observed Ep,, (r=estimated
value/observation value) and the Nash-Sutcliffe efficiency (NSE) as shown in Table 2. The model performance

is accepted as optimum for high R? for low MSE. A value of 1.0 for r and NSE indicates a perfect match
between estimated and observed data.

Table 2. The performance of methods for each station with R?, MSE, r (ratio) and NSE

Methods/ Stations Penman Priestly-Taylor

R? MSE r NSE R? MSE r NSE

Aksaray 0.4708 526 117 0.29 05244 537 112 0.27
Eregli 0.6190 431 123 026 05769 4.78 124 0.18
Karapmar 0.6394 424 124 027 06222 401 122 031
Karaman 05245 396 107 048 04684 444 105 042
Konya 0.5526 818 135 -0.13 05157 537 122 0.26

The correlation between estimated and Ep,, values resulted in a low coefficient of determination. The
highest R? value obtained from the Karapmar station was 0.6394. These results suggest that the performance of
the considered method was very close to each other; albeit, the Penman method was obtained in relatively good
agreement with pan evaporation based on MSE and NSE, except for the Karapinar and Konya stations. The Epg,
measurements were slightly overestimated by the methods, as indicated by the r values. All r values are greater
than 1 (one). The closest values to Ep,, Were estimated from the Karaman station. The r (NSE) values for the
Penman and Priestly-Taylor methods were 1.07 (0.48) and 1.05 (0.42), respectively. These results are consistent
with those of [12], who also used these methods on measured data at the Samsun station. They noted that the
Penman method tends to overestimate Ep,, compared to the Priestly-Taylor method. They concluded that while
the Penman method performed better overall, it was not accurate in estimating very high or very low values of

Epan.
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Epan Values which were greater (lower) than 4 mm were extracted from total data set to find first
(second) data group since it was detected that each method tended to underestimate (overestimate) the high (low)
Epan- The methods’ performances for each data group were also investigated and given in Table 3.

Table 3. The performance of methods for each group data with R?, MSE, r and NSE

Methods/ Stations Penman Priestly-Taylor
R’ MSE r NSE R? MSE r NSE
Aksaray First data group (Epan<4mm) 0.8303 9.80 199 -0.786 0.8092 9.70 194 -0.768
Second data group (Epay >4mm)  0.7997 415 109 0.300 07639 437 105 0275
Eregli First data group (Epan <4mm) 0.8233 740 188 -0.512 08009 801 1.88 -0.636
Second data group (Epan >4mm)  0.8823 3.39 1.16 0.282 0.8682 3.82 1.17 0.194
Karapmar  First data group (Eps <4mm) ~ 0.8669 7.26 1.84 -0.366 0.8471 7.07 179 -0.330
Second data group (Epan >4mm)  0.8842 332 100 0425 0.8805 3.07 0.99 0.468
Karaman First data group (Epan <4mm) 08286 6.86 1.75 -0.130 0.8071 7.39 175 -0.218
Second data group (Epan >4mm)  0.7808 3.42 100 0441 0.7514 3.88 0.99 0.365
Konya First data group (Epan <4mm) 0.8403 9.40 199 -1.057 0.8242 8.09 188 -0.771
Second data group (Epan >4mm) 0.8301 769 100 -0.065 0.8805 437 0.89 0.385

The coefficients of determination for each data group were higher than those for the entire data set.
Additionally, the methods did a good job of estimating Ep,, values higher than 4 mm, as evidenced by the MSE
and NSE values. However, the r values indicate that the methods tended to overestimate the first data group of
Epan. The smallest r value for the first data group was 1.75. It was found that the estimated evaporation values
from the Penman and Priestly-Taylor methods were generally close to or slightly higher than the Ep,, values for
the second data group, with the exception of the Konya station. At the Konya station, the Priestly-Taylor method
underestimated Ep,y, with an r value of 0.89. The comparison between Epy, <4mm (Epa, >4mm) and the
estimated evaporation values from the Penman and Priestly-Taylor methods for the Aksaray station can be seen
in Fig. 2 (Fig. 3). In general, the estimated evaporation values from each method were higher than the Ep,, values
for the majority of the data set, as shown in Fig. 2.
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Figure 2. Comparison between Ep,, and estimated evaporation by Penman and Priestly-Taylor methods for Aksaray station (Epan <4mm)
(The equation given in upper-left of the figure belongs to Penman method).
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Figure 3. Comparison between Ep,, and estimated evaporation by Penman and Priestly-Taylor methods for Aksaray station (Epa, >4mm)
(The equation given in upper-left of the figure belongs to Penman method).

Fig. 3 showed that the methods followed the pattern of the measured Ep,, relatively well, though they
either over- or under-estimate evaporation rates. As it can be seen in Fig.3, both methods failed to estimate
greater than 12 mm of Ep,, values.

B. Determination of & Coefficient in Priestly-Taylor Method for Study Area

The performance of Priestly-Taylor method comparing with the Penman method were provided with R?,
MSE, r and NSE values for each station in Table 4.

Table 4. The performance of Priestly-Taylor method comparing with the Penman method

Stations/Performance Criteria R? MSE r NSE

Aksaray 0.9163 049 0962 0.896
Eregli 0.9498 0.26 1.005 0.946
Karapmar 09439 0.26 0.984 0.940
Karaman 09550 0.25 0.988 0.951
Konya 0.9022 142 0902 0.809

In fact, the evaporation values estimated by the Priestly-Taylor method were found to be in good
agreement with Penman estimates. However, it was observed that the Priestly-Taylor method tended to
underestimate the evaporation compared to the Penman method at the selected stations, with the exception of the
Eregli station (r=1.005). As a result, it was decided to determine the o coefficient for the study basin. The
estimated evaporation values using the Penman method were considered as the “true” values. The data from each
station were combined into one dataset in order to determine a single coefficient for the entire basin. The a
coefficient was determined using three artificial intelligence optimization algorithms.

The cost function was defined as the calculation of the difference between the Penman estimations and
the Priestly-Taylor estimations calibrated with new o coefficients for each algorithm:

(18)

cost function = f(X) _ (Z?’:1|EPenmani_ECalli\llaratedPriestlyTaylori|>

In the PSO algorithm, the number of populations and iteration number were taken as 20; the values of
the ¢, and c, were chosen as 2 [35]. In the ABC algorithm, the both size of bee swarm and iteration number that
are used in the process of the optimization are set of 20 [36]. In the DE algorithm, the size of population is set of
50; the number of iterations is equal to 20; the values of upper and lower limits are 0.8 and 0.2; the rate of
crossover (CR) is 0.2 [37]. The problem solution was investigated with the written Matlab code for the selected

parameters and the procedures of three optimization algorithms described in the methodology section.
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All three algorithms found o value as 1.28; although the initial positions and values of the algorithms in
the solution of the problem are different from each other. It was obtained that each algorithm converged to the
same solution for dataset.

1) The Evaluation of Determined a Coefficient: In order to see the effect of the o coefficient
determined from three artificial intelligence optimization techniques, the calibrated Priestley-Taylor (0=1,28)
evaporation estimations were statistically compared with the Penman estimates. The same performance criteria
were used and presented in Table 5.

Table 5. The performance of calibrated Priestly-Taylor method comparing with the Penman method

Stations/Performance Criteria R’ MSE r NSE
Aksaray 0.9163 0.44 0.977 0.908

Eregli 0.9498 0.30 1.021 0.938

Karapmar 0.9439 0.25 1.000 0.943

Karaman 0.9550 0.26 1.003 0.950

Konya 0.9022 1.23 0.917 0.834

A significant improvement in Priestly-Taylor evaporation estimates could not be detected when
comparing Tables 4 and 5. Therefore, it was concluded that the original Priestly-Taylor o coefficient can be
utilized to estimate evaporation for the Konya Closed Basin. The seasonal and diurnal variability of o value was
examined over a large ephemeral lake in China. At a daily scale, o was found to be 1.25 and 1.28 on average
during high-water and low-water periods, respectively. The researchers also concluded that the original o value
is generally applicable at daily scales [26].

IV.CONCLUSION

Daily evaporation values were estimated by using the Penman and Priestley-Taylor methods from 2000
to 2019. Although slightly higher values were estimated from the pan measurements with each method, the
Penman method was found to be more consistent based on statistical indicators. The Priestley-Taylor method
tended to underestimate evaporation comparing to the Penman method except for Eregli station. This situation
revealed that the coefficient obtained empirically in the Priestley-Taylor method may need to be calibrated for
the study area. The o coefficient was determined to be 1.28 by PSO, ABC, and DG algorithms. The calibrated
Priestley-Taylor estimations were then compared to the Penman estimations. The results showed that the o
coefficient should be increased due to an increase in advected sensible heat. However, any remarkable
improvement was not detected in the estimations based on the statistical evaluation. Therefore, it was concluded
that the original Priestley-Taylor coefficient can be used for evaporation estimation in the Konya Closed Basin,
as there are lots of unexplained mechanisms involved in the evaporation process. Further studies utilizing other
methods, such as mass transfer, are highly recommended to reach a final conclusion about the o coefficient.
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