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Abstract— Accurate prediction of evaporation is important for various purposes such as dam structure E }_;;:E
design, operation, and the development and management of water resources. Determining water evaporation m«ﬁ' e e

)

from the reservoir volume is an important parameter for reservoir operation studies, based on hydrological ,g=."*% e

and meteorological data. In this study, daily average relative humidity, air temperature, wind speed, and .ﬁ‘ﬁ - b

sadas

o2
%]
sunshine duration parameters were used for evaporation estimation. In the study, daily evaporation E”? ﬁ'%%

estimation was performed using the methods of Multiple Linear Regression (MLR), Adaptive Neuro-Fuzzy

Inference System (ANFIS) and Fuzzy Logic - Simple Membership Functions and Fuzzy Rule Generation
Technique (Fuzzy -SMRGT). As the study area, the Atatiirk Dam, located between the provinces of Adyyaman
and Sanlurfa, has been chosen. In the study, the model results were evaluated according to statistical criteria
such as Mean Absolute Error (MAE), Root Mean Square Error (RMSE) and Coefficient of Determination.
When evaluating the model results, it was determined that the MLR, ANFIS and Fuzzy-SMRGT models
yielded similar results in daily evaporation estimation and that the Fuzzy Logic (ANFIS and Fuzzy SMRGT)

models were applicable.
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I.  INTRODUCTION

Evaporation (E) estimation is important in water
management and hydraulic designs. Evaporation is the
process of converting the amount of water in liquid form
into gas (vapor) form in nature. Evaporation is also one of
the basic components of the hydrological cycle.
Evaporation depends on factors such as solar energy, air
temperature, wind, humidity and environmental
conditions. Natural events are affected by many different
variables and it is quite difficult to explain the nonlinear
relationships between natural events and these variables.

Like all events in nature, since evaporation depends on
many nonlinear variables and parameters and it is difficult
to determine all of these parameters, it is difficult to
estimate the amount of evaporation. Using classical
methods, it is difficult to create a realistic hydrological
model that accurately reflects its real dimensions due to the
large number of affecting parameters and nonlinear
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structures. For this reason, efforts have been made to
develop applicable practical methods to solve nonlinear
problems and when the researches are examined, it is seen
that the studies are still ongoing to determine the amount
of evaporation that is realistic. These studies generally
consist of experimental, numerical, statistical and recently
artificial intelligence-based studies.

In recent years, many researchers have used artificial
intelligence methods as an alternative to classical methods
in hydrology and water resources studies[1-15]
Tzimopoulos et al. [16] also tried to estimate
evapotranspiration using the temperature parameter.
Dogan et al. [17] studied evaporation estimation using data
from 1990 to 2004 related to Lake Sapanca. Balve and
Patel [18] tried to estimate evapotranspiration by entering
the meteorological data of average temperature, relative
humidity, wind speed and net radiation as parameters. For
the predictions, models created by the Fuzzy Inference
System of Fuzzy Logic method were used. Tasar et al. [19]
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studied evaporation prediction by using wind speed,
duration of sunshine and relative humidity data from the
Massachusetts region of the United States from 2014 to
2017, employing classical methods and artificial neural
network techniques. Kaya et al. [20] studied to estimate the
amount of evaporation. They used M5-Tree and Turc
methods to predict. Ozel and Biiyiikyildiz [21] used ANN,
epsilon-support vector regression (e-SVR), and ANFIS
techniques to predict the monthly evaporation amount of
the Karaman meteorological station, which is located in
Konya, Turkey. Petkovi¢ et al. [22] investigated the effect
of  meteorological parameters  on reference
evapotranspiration using the ANFIS method. Yaseen et al.
[23] used classification and regression trees, the cascade
correlation neural network, gene expression programming,
and the support vector machine (SVM) models for the
prediction of evaporation. According to their model result,
SVM has the best performance. Wu et al. [24] studied the
Poyang Lake Basin of Southern China for monthly pan
evaporation estimation. They used hybrid models (extreme
learning machine) and improved M5 model tree and
artificial neural network models.

Since the parameters affecting the event are difficult and
expensive to measure in the field, soft computing
techniques such as Fuzzy-SMRGT, ANFIS are used today
to reduce the need for large data sets. One of the models
that can be developed to reduce the need for large data sets
is the experience-based easily adjustable fuzzy rule
generation approach (Fuzzy-SMRGT). One of the first
applications of this approach was made by Toprak [25]
using Fuzzy-SMRGT in modeling the relationship between
open channel flow (natural or artificial) and its hydraulic
and geometric properties.

In this study, the applicability and validity of artificial
intelligence methods such as Simple Membership
Functions and Fuzzy Rule Generation Technique (Fuzzy-
SMRGT) and Adaptive Neuro-Fuzzy Inference System
(ANFIS) as well as classical methods such as Multiple
Linear Regression (MLR) in evaporation estimation were
investigated.

Il. MATERIAL and METHODS
2.1. Study Area

The Atatiirk Dam is a dam located between the provinces
of Adiyaman and Sanlwurfa, intended for energy and
irrigation purposes. Within the GAP Project, the Karakaya
Dam is located 51 km away from Adiyaman province and
24 km away from the Bozova district of Sanliurfa province,
situated on the Euphrates River, at an elevation of 180
km2.With the dam’s completion, the Atatirk Dam
Lake, the third largest lake in Turkey, has been formed.
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The height from the base is 169 meters. The minimum
water level in terms of height above sea level is 513 meters,
and the maximum water level reaches 542 meters. In Dam,
the depth must be at least 133 meters for electricity
generation. The length of the dam crest is 1644 meters, and
its width is 15 meters. There are 6 spillway outlets, each
controlled by radial gates measuring 16x17 meters. The
maximum discharge is 16800m?/s. The spatial and general
appearance of the studied area and the dam is presented in
Figure 1.

A
L S

Fig. 1: The location of the work area and the dam view
[26,27]

The data used in this study was obtained from the Sanlurfa
Regional Directorate of Meteorology. Parameters such as
daily average relative humidity (%), daily average
temperature (°C), daily average wind speed (m/s) and daily
average sunshine duration (hours) were used in model
studies to estimate evaporation. The statistical variations of
all the parameters used are presented in Table 1. The daily
variation of evaporation amounts related to the Atatirk
Dam for the water years between 2004 and 2011 is shown
in Figure 2.
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Fig. 2: Daily evaporation data change used in the study
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Table 1. Statistical Changes for used data

Daily . Daily Daily Daily Total Open
Statistical Changes Avera}ge Daily Average Average Sunsh.me Surface
Re_la.tlve Temperature (°C) | Wind Speed Duration Evaporation (mm)
Humidity (%) (m/s) (hours)
Average 42.97 23.95 1.16 10.41 9.27
Standard Error 0.34 0.16 0.03 0.08 0.10
Median 41 25 0.8 114 10
Mode 37.3 28 0.1 12.7 13
Standard Deviation 14.10 6.52 1.11 3.24 4.29
Sample Variance 198.84 42.55 1.24 10.47 18.42
Kurtosis 0.31 -0.75 1.35 1.70 -1.02
Skewness 0.67 -0.39 1.23 -1.48 -0.15
Range 80.40 31.80 6.90 14.10 19.40
Maximum 11.90 4.70 0.00 0.00 0.00
Minimum 92.30 36.50 6.90 14.10 19.40
Total 73560.10 40994.20 1982.00 17828.50 15874.80
Count 1712 1712 1712 1712 1712
Confidence Level (95.0%) 0.67 0.31 0.05 0.15 0.20

2.2 Methods
2.2.1. Multi Linear Regression (MLR)

A linear method for simulating the relationship between a
scalar response and one or more explanatory variables is
known as linear regression in statistics. Simple linear
regression is used when there is only one explanatory
variable; multiple linear regression is used when there are
several variables. One method for simulating the
relationship between a numerical dependent variable (y)
and one or more independent variables (x) is called linear
regression. The regression model is referred to as simple
linear regression if there are only one independent variable.
Multiple linear regression(MLR) is the term used when the
model contains more than one explanatory independent
variable. The dependent variable in linear regression needs
to be numerical. The MLR equation is presented below in
Equation 1.

y=Ao+A1*X1+A>+xX>.... TAi* Xi+ B (1)

Adaptive Neuro-Fuzzy Inference System (ANFIS) is used
as an artificial neural network method based on fuzzy
inference systems. The ANFIS model was developed by
Jang starting in the early 1990s and is used for modeling
nonlinear functions and predicting chaotic time series.
ANFIS consists of nodes that are directly connected to each
other, and each node represents a processing unit. ANFIS
uses a hybrid learning algorithm because it employs both
artificial neural networks and fuzzy logic inference
methods. There are two approaches to fuzzy inference
systems. These approaches are those of Mamdani and
Sugeno. To apply the ANFIS, data sets with input and
output are generally required. The ANFIS method finds the
optimal values of membership functions of fuzzy sets by
training the model based on the principle of error
reduction. It also establishes fuzzy rules for FIS. The
structure of the ANFIS is shown in Figure 3. Here; "X, Y"
are independent inputs, "Al, A2, B1l, B2" are input
parameters, "[] (pi)" represents the membership functions,

In Equation 1, X; (i = 1, ..., n) represents the independent
variables (inputs), y denotes the dependent variable
(output), A indicates the regression coefficients, and B
signifies the error.

2.2.2. Adaptive Neuro-Fuzzy Inference System
(ANFIS)
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"N" denotes the rules, and "wi" indicates the weights of the
parameters, while ) represents the bias (summation
function).
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Layer1 Layer2 Layer3 Layer 4 Layer 5
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Fig.3: ANFIS model with four inputs and one output

The layers in Figure 3 represent the following:

Layer 1-) The degrees of membership of the variables and
the selection of the membership function. In this study, the
ANFIS model has at least two membership functions for
each independent variable.

Layer 2-) All nodes in the second layer, represented by the
symbol "[]", are fixed nodes. Fuzzy rules are a result of the
product of the outputs of the first layer.

Layer 3-) In this layer, fixed nodes are represented by the
symbol "N". ANFIS standardizes the values within the
network structure. And as a result, these values are
obtained.

Layer 4-) In this layer, all nodes are normalized nodes, and
the weight values (w) coming from the third layer are
multiplied by a first-degree polynomial equation. It is the
layer output of "w1*f1".

Layer 5-) This layer contains a single fixed node. It shows
the total result of all operations expressed as "X" [28].

2.23. Fuzzy Logic and Simple Membership
Functions and Fuzzy Rules Generation
Technique (Fuzzy SMRGT)

The components of a fuzzy logic system are the input,
database, fuzzification unit, fuzzy inference mechanism,
rule base, defuzzification unit, and output[29]. Below, the
flowchart of the fuzzy logic system is shown in Figure 4.

Knowledge Base

| RuleBase | | DataBase | f——

Model 7 . £
Input »I, Furzification | | Defurzification \»
Crisp A N

Fig.4: General Fuzzy Logic System[30]
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Figure 4 shows the Input/Database of the General Fuzzy
Logic System. This database contains the input variables
that affect the event being studied and all related
information. This information can be verbal or numerical.
The unit where the necessary transformation process is
carried out for the data coming from the input section to be
used in the fuzzy inference mechanism is known as the
fuzzification unit. This unit carries out personnel functions.
However, the fuzzy rule base unit includes all the logical
IF-THEN type rules that connect the input and output
variables of the database. The fuzzy inference mechanism
ensures that the system behaves as a single output by
bringing together all the relationships established in parts
between the input and output fuzzy sets within the fuzzy
rule base. This method determines how the entire system
will produce an output for given inputs by combining the
inference of each rule. The fuzzy output values converted
to a specific scale for the initial problem (values within the
range of [0-1]) are known as the defuzzification unit.
However, the output unit is used to solve the problem of
the fuzzy logic system. This is obtained through the fuzzy
output from the fuzzy inference mechanism and the
defuzzification unit[31]

In fuzzy modeling, the two most important aspects are the
correct determination of fuzzy sets and the fuzzy rule
base[32]. Although there are many methods developed for
this purpose, the Fuzzy-SMRGT method, which allows for
the simultaneous determination of both, is a relatively new
method that was first presented by Toprak[25]. The method
can only be used in conjunction with the "centroid"
defuzzification method for determining both membership
functions  (triangular/trapezoidal) and fuzzy rules.
According to the selected input and output data, fuzzy
clusters and the most suitable cluster intervals have been
obtained using the Fuzzy-SMRGT method. In the Fuzzy-
SMRGT method, the maximum and minimum values for
the dependent and independent variables are first
determined. After that, the number and shape of the
membership functions are determined. The parameters
used to shape and structure the membership functions are
calculated using the following equations. (Eqg.3-11). The
structure of the membership functions of the fuzzy
SMRGT-based prediction model is represented in Figure
5. Fuzzy sets have been chosen as triangular. A total of
1712 data points from the years 2004-2011 were used at
the station studied. In the study, 75% of all the data was
used for training, and the remaining 25% was used for
testing. The results/boundary values obtained from the
equations for the Fuzzy-SMRGT prediction model for
these data are shown in Table 2.

The unit width (UW), core value (Ci), and key values (K1)
of the fuzzy sets corresponding to each membership
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function created for the prediction model have been
determined. To determine these values, it is first necessary
to know the range of variation of fuzzy sets (XR). To
determine the range of change, the lowest and highest
values of the fuzzy sets specified in the second phase were
used. The range of variation (XR) for each input and output
parameter is seen in the formula. In the fuzzy model, since
neighboring clusters overlap, an extended base width
(EUW) is required. UW represents the unit width shown
in Figure 5. nu shows the number of right triangles. The
right triangle number is 8(2x3+2) and has been accepted as
the determined core value (Ci).

XR = Xmax - Xmin (3)
uw =& 4)
ny
o=2 ()
2
EUW =224 0 (6)
ny
EUW
Kl Xmin (7)

Estimation of Ataturk Dam Evaporation Amount Using Fuzzy Logic Method

EUW

Ks = Xmax == )
Ci = 2+ Xpnin ©)
Cint = "5+ Xiniy (10)
o - () o
Py g1 uwy C GH1

\ /N

n K (W) S px

Fig. 5: Boundary parameters of the Fuzzy-SMRGT
method with 5 membership functions[33]

Table 2. The Fuzzy-SMRGT boundary values of the 5 parameters obtained from this study

Daily Average | Daily Average Daily Dally Daily Total Open
. Average Sunshine Surface
Relative Temperature . . .
Humidity (%) °C) Wind Speed | Duration Evaporation
(m/s) (hours) (mm)
Max 91.00 36.10 6.90 14.10 18.10
Min 11.90 7.20 0.70 0.00 0.40
Xr 79.10 28.90 6.20 14.10 17.70
Ci 51.45 21.65 3.80 7.05 9.25
Ci-1 31.68 14.43 2.25 3.53 4.83
Ci+l 71.23 28.88 5.35 10.58 13.68
uw 9.89 3.61 0.78 1.76 221
@] 4.94 1.81 0.39 0.88 1.11
EUW 14.83 5.42 1.16 2.64 3.32
K1 16.84 9.01 1.09 0.88 151
K5 86.06 34.29 6.51 13.22 16.99

111, ANALYSIS RESULTS AND DISCUSSION

In this study, 75% of the entire dataset (1284) was used for
training, while the remaining 25% (428) was used as test
data. The results of the MLR, ANFIS, and SMRGT models
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for test data have been evaluated using statistical parameters
(RMSE, MAE, and R?). For each model evaluation, the
mean absolute error (MAE) (Equation 12), the square root
of the mean of the squared errors (RMSE) (Equation 13),
and the coefficient of determination (R2) have been used.
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The statistical criteria used in the equations below are given.
The comparisons of model performance based on the
analysis results are shown in Table 3.

1 . i
MAE = ﬁzy=1|Elmeasured - ElprediCted| (12)

1 . . 2
RMSE = \/ﬁ (ZP:1 Elmeasured - Elpredicted) (13)
Here, E represents the evaporation, and N represents the
number of data used.

Table 3. Error amount and correlation changes of the
models

Model MAE RMSE
Inputs (mm) (mm)

Model R?

MLR RH, AT, 1.61 3.95 0.86
WS, SD

RH, AT, 1.49 3.39 0.87
WS, SD

Fuzzy- RH, AT, 151 3.47 0.87
SMRG WS, SD

ANFIS

In Table 3, relative humidity (RH), air temperature (AT),
wind speed (WS), and sunshine duration (SD) were used
in the models to estimate evaporation (E).

3.1. MLR Results

In the method of MLR, daily average relative humidity (%),
daily average temperature (°C), daily average wind speed
(m/s), and daily average sunshine duration (hours) data have
been used for the estimation of evaporation (mm). The
distribution graph of the results for the test data in the MLR
method is shown in Figure 6, while the scatter plot is
presented in Figure 7.

(=3
=3
y

~& Measurement

— —
=) =N
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Evaporation in Open
Surface (mm)
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Days

Fig.6: Distribution graph of MLR and Measurement
values for the test phase
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Fig.7: Scatter plot of MLR and Measurement values for
the test phase

According to the scatter plot (Figure 7) and Table 1, the
coefficient of determination R? = 0.86. The MLR model has
the lowest determination value when examined in the
testing phase. The MLR model has shown that some high
evaporation amounts provided lower predictions than the
actual evaporation values.

3.2. ANFIS Results

In the ANFIS model (similar to the MLR method), the
inputs used to predict Evaporation (mm) include daily
average relative humidity (%), daily average temperature
(°C), daily average wind speed (m/s), and daily average
sunshine duration (hours). The results of the ANFIS method
on the test data are shown below in the distribution (Figure
8) and scatter plot (Figure 9).

20 1

o Anfis ~%— Measurement

Evaporation in Open Surface (mm)

Fig. 8: Distribution graph of ANFIS and Measurement
values for the test phase
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Fig. 9: Scatter plot of Anfis and Measurement values for
the test phase

As shown in Figures 8 and 9, there is a correlation between
the actual measurement values of evaporation (mm) and the
prediction results of the ANFIS model. The ANFIS method,
which has a determination coefficient, R> = 0.87, has
provided slightly more accurate results in evaporation
prediction compared to the classical method of MLR.

3.3. Fuzzy-SMRGT Results

In the Fuzzy-SMRGT method, similar to the MLR and
ANFIS methods, the amount of Evaporation (mm) has been
estimated using data on daily average relative humidity (%),
daily average temperature (°C), daily average wind speed
(m/s), and daily average sunshine duration (hours). The
results obtained using the test data of the Fuzzy-SMRGT
model are shown below as a distribution (Figure 10) and
scatter plot (Figure 11).

¢ Fuzzy-SMRGT ~— Measurement

Evaporation in Open Surface

0 50 100 150 200 250 300 350 400 450

Days

Fig. 10: Distribution graph of Fuzzy-SMRGT and
Measurement values for the test phase
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Fig.11: Scatter plot of Fuzzy-SMRGT and Measurement
values for the test phase

As shown in Figures 10 and 11, there is a correlation
between the actual measurement values of evaporation
(mm) and the prediction results of the Fuzzy-SMRGT
method. The coefficient of determination R? = 0.87
observed in the Fuzzy-SMRGT method has yielded results
that are more accurate than the classical method of MLR,
which is almost the same as the ANFIS method, in
predicting evaporation.

As the MAE, RMSE and R? results in Table 2 show, the
estimation results obtained using ANFIS and Fuzzy Logic
methods are seen to be slightly more successful than the
results obtained from the classical method MLR in
estimating evaporation amounts.

IV. CONCLUSION

In this study, daily evaporation amount was estimated using
'daily relative humidity, air temperature, wind speed and
sunshine duration' for the Atatlirk Dam located between
Adiyaman and Sanliurfa provinces between 2004-2011. For
daily evaporation estimation, Fuzzy-SMRGT, ANFIS and
MLR models were used and the models were compared
with each other according to statistical criteria. From a total
of 1712 daily data, 1284 were used for training and 428 for
testing in the estimation models. The measured evaporation
values were compared with the estimation output of the
model.

To evaluate the performance of Fuzzy-SMRGT, ANFIS and
MLR models, coefficients of determination (R2), RMSE
and MAE were calculated. It was determined that the
Fuzzy-SMRGT model performed better than the MLR
model and had results close to the traditional ANFIS model.
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It is thought that the Fuzzy-SMRGT method can be an
alternative to classical methods for hydrology science and
can be used for regions with different climatic conditions.
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