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ABSTRACT 
     Evaporation is important for water planning, management and hydrological 
practices, and it plays an influential role in the management and development of 
water resources. This study demonstrates the application of two different models, 
adaptive neuro-fuzzy inference system (ANFIS), and linear regression (LR) models 
for estimating monthly pan evaporation in Basrah City, south of Iraq. In the first part 
of this study, the ANFIS model is used twice, in the first one, the temperature is used 
as input data only, and in the second one, the temperature and relative humidity are 
used as input data for predicting the evaporation. A verification test is added to check 
the model correctness by matching the calculated evaporation with the once observed 
in Basrah city for the period (1980-2009). In the second part of the study, the results 
obtained by ANFIS models are compared with results of linear regression model. The 
comparison reveals that the ANFIS models give better accuracy in estimating 
monthly pan evaporation than the linear regression model. The accuracy is improved 
about 5% in correlation coefficient (R) and determination coefficient (RP

2
P). The results 

proved that monthly pan evaporation could be successfully estimated through the use 
of ANFIS models. 
 
Keywords: Evaporation, ANFIS, linear regression, Basrah, Iraq. 

 تخمین التبخر باستخدام نظام الاستدلال العصبي الضبابي المكیف والانحدار الخطي

 الخلاصة

والتطبیقات الھیدرولوجیة، كذلك یلعب  والإدارةتخمین التبخر مھم في عملیة التخطیط المائي,      
وتطویر الموارد المائیة. في ھذه الدراسة اجري تطبیق نموذجین مختلفین، ھما  إدارةدورا مؤثرا في 

) لتخمین التبخر LR) ونموذج الانحدار الخطي (ANFISنموذج الاستدلال العصبي الضبابي المكیف (
من ھذه الدراسة، تم استخدام نموذج  الأولالشھري في مدینة البصرة، جنوب العراق. في الجزء 

ANFIS  مرتین، في الاولى استخدمت درجة الحرارة فقط كمعلومات ادخال وفي النموذج الثاني
استخدمت درجة الحرارة والرطوبة النسبیة كمعلومات ادخال لتخمین التبخر وقد اجري التحقق من 

المسجلة للفترة  الحقلیة للتبخر الشھري لمدینة البصرةالنموذجین بمقارنت نتائجھما مع القیاسات 
) مع نموذج الانحدار ANFISفي الجزء الثاني، تمت مقارنة نتائج نموذج ( أما. )1980-2009(

حیث  دقة من نموذج الانحدار الخطي، أكثر) یعطي نتائج ANFISنموذج ( إن ،الخطي. بینت النتائج
 النتائج أثبتت قدو )،R2) ومعامل التحدید (R% في معامل الارتباط (5طرأ تحسن في النتائج حوالي 
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INTRODUCTION 
vaporation is the process of a liquid becoming vaporized. In other words, a 
change in phase in the atmosphere occurs when substances change from a 
liquid to a gaseous, or vapor form. Evaporation is the primary pathway that 

water moves from the liquid state back into the water cycle as atmospheric water 
vapor. Estimation of evaporation is important for water planning, management and 
hydrological practices [1].  
     An evaporation pan is used to hold water during observations for the 
determination of the quantity of evaporation at a given location. Such pans are of 
varying sizes and shapes, the most commonly used being circular or square [2] The 
best known of the pans are the "Class A" evaporation pan and the "Sunken Colorado 
Pan" [3]. In Europe, India and South Africa, a Symon's Pan (or sometimes Symon's 
Tank) is used ( e.g., the  most commonly used  is the US Weather Bureau Class A, 
which is 4 ft in diameter and 10 in deep and is mounted on a timber grill about 6 in 
above the soil surface) [4]. Often the evaporation pans are automated with water level 
sensors and a small weather station is located nearby.  
      In the recent years, the computing techniques have been successfully used in 
modeling pan evaporation. Terzi and Erol Keskin (2005) used Gene Expression 
Programming (GEP) for modeling evaporation as a function of air temperature, solar 
radiation, and relative humidity [1]. Moghaddamnia et al. (2009) explored 
evaporation estimation method based on artificial neural networks (ANN) and 
adaptive neuro-fuzzy inference system (ANFIS) technique [5]. Shirsath, and Singh 
(2010) presented application of artificial neural networks (ANN), statistical 
regression and climate based model for estimating of daily pan evaporation [6].  
Kumar et al (2012) developed artificial neural networks (ANN) and adaptive neuro-
fuzzy inference system (ANFIS) models were developed to forecast monthly 
potential evaporation in Pantagar, U.S. Nagar (India) based on four explanatory 
climatic factors (relative humidity, solar radiation, temperature, and wind speed) [7]. 
Kisi (2013) proposes the application evolutionary neural networks (ENN) for 
modeling monthly pan evaporations [8]. 
     The first objective in this study attempted to evaluate the application of adaptive 
neuro-fuzzy inference system (ANFIS) and linear regression (LR) model for monthly 
pan evaporation estimation using different climate input of Basrah City, such as 
temperature and relative humidity. While, the second objective of this study aimed of 
comparing (ANFIS) approach with (LR) for monthly pan evaporation estimation.  
 
Study Area and Data Set 
     Basrah City is located on the Shatt al-Arab river in southern Iraq. It is located 
between longitude line (47o 30' – 48o 30') and latitude line (30o 00' – 30o 30') as shown 
in figure (1). The great rivers Euphrates and Tigris flow through Iraq before 
converging into Shatt al-Arab, shortly before reaching Basrah. The huge river 
connects the city with the Arabian Gulf and gives it a coastal feel. The summer heat is 
extreme, and in winter frost is not unknown. Nevertheless the climate is considered 
healthy and agreeable. Rainfall usually begins in October and continuous till May. 
The climate information used in this study is obtained from the meteorological 
recording station in Basrah City for the period (1980-2009).  
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Figure (1) Location of study area in reference to map of Iraq. 
 
 
Adaptive Neuro-Fuzzy Inference System (Anfis) 
     Adaptive Neuro-Fuzzy Inference System (ANFIS) is an artificial intelligence 
technique that has been successfully used for mapping input-output relationship based 
on available data sets [9]. ANFIS uses a Neural Network (NN) learning algorithm for 
constructing a set of fuzzy if-then rules with appropriate membership functions (MFs) 
from special input-output pairs. It is based on the first order Sugeno-fuzzy inference 
system proposed by Jang (1993) [10]. Interpreting an if-then rule involves distinct 
parts: first evaluating the antecedent (which involves fuzzifying the input and 
applying any necessary fuzzy operators) and second applying the results to the 
consequent (known as implication). If the ANFIS structure is consisted of five layers 
as shown in figure (2), it can be described as a multi-layered neural network. Each 
node output in first layer is fuzzified by membership grade of a fuzzy set 
corresponding to each input, each node output in the second layer represents the 
firing strength of a rule, which performs fuzzy, AND operation, each node in this 
layer, labeled Π, is a stable node which multiplies incoming signals and sends the 
product out, the third layer normalizes the membership functions (MFs), the fourth 
layer executes the consequent part of the fuzzy rules, and finally the last layer 

   Arabian 
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computes the output of the fuzzy system by summing up the outputs of the  fourth 
layer.  

 

Figure (2) Basic structure of the ANFIS. 

    
     For constructing a fuzzy system, the linguistic variables should be provided in 
addition to the numerical variables. Then, the system requires If/Then fuzzy rules to 
qualify simple relationships between the fuzzy variables [11]. A typical rule set with 
two fuzzy If/Then rules in a first-order Sugeno system, as follow  
Rule 1  : If  x  is  A1  and  y  is  B1,  then  F1 = p1x + q1y + r1             …(1) 

Rule 2  : If  x  is  A2  and  y  is  B2,  then  F2 = p2x + q2y + r2                      … (2) 

Where: 
x,y : input, and output variables respectively. 
A,B : linguistic terms of the precondition part with MF. 
p,q,r : consequent parameters. 

     For a zero-order Sugeno model, the output level F is a constant (p=q =0). The 
output level Fi of each rule is weighted by the firing strength wi of that rule. For 
example, for an AND rule with Input 1 = x and Input 2 = y, the firing strength is 

  …
.

 

𝑊� R 

𝑊� RfR 

𝑊� 1f1 

 

𝑊� 1 
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wi = And Method(F1(x), F2(y))                                                           …   (3) 

 
Where:  
F1, F2 (.) are the membership functions for inputs 1 and 2. 
The final output of the system is the weighted average of all rule outputs, computed 
as 
 

𝑓𝑖𝑛𝑎𝑙 𝑜𝑢𝑡𝑝𝑢𝑡 =
∑ 𝑤𝑖.𝐹𝑖
𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

                                                                                  … (4) 
Where: 
N : number of rules. 
 
LINEAR REGRESSION 
     Regression analysis uses more sophisticated equations to analyze larger sets of 
data and translates them into coordinates on a line or curve. Linear regression is a 
statistical technique used to observe trends, determine correlation, and predict future 
observations. The underlying principle of this technique is called the least-squared, 
which is the process of minimizing the distance between the predicted value of an 
observation and the actual value of that observation. Finding the best linear fit 
between two paired variables is very useful in many science applications [12]. The 
prediction of the dependent variable (𝑌�) is given by the following equation. 
𝑌� = 𝑎 + 𝑏𝑋                                                                                          …(5) 

Where: 
𝑋 : independent variable.  
     The least square method defines the estimate of these parameters as the values 
which minimize the sum of the squares between the measurements and the model 
(i.e., the predicted values). This amounts to minimizing the expression [12]: 
ℰ = ∑ (𝑌𝑖 − 𝑌�𝑖)2 = ∑ [𝑌𝑖 − (𝑎 + 𝑏𝑋𝑖)]2𝑖𝑖                                             … (6) 

Where: 
ℰ: error (which is the quantity to be minimized). 
𝑌𝑖, 𝑋𝑖: observations are used to find a function relating the value of the dependent 
variable (Y ) to the values of an independent variable (X ). 
 
Methodology 
     In this study, ANFIS and LR models are used to predict monthly pan evaporation 
in Basrah City. The monthly pan evaporation for the period (1980-2009) is used here. 
For the year 1980, the highest monthly pan evaporation was 663.1 mm and the lowest 
value 40.8 mm was recorded. The ANFIS model is used twice, in the first one, the 
temperature is used as input data only, and in the second one, the temperature and 
relative humidity are used as input data for predicting the evaporation. The Gaussian 
member function is adopted in this study since it is the most popular form as 
illustrated in figure (3). A membership function (MF) is a curve that defines how each 
point in the input space is mapped to a membership value (or degree of membership) 
between 0 and 1. The number of MF is selected equal to (4) according to trial and 
error procedure based on root mean squared error (RMSE). The total number of 
observations is 192, these observations are divided into two statistically parts, 70% 
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(135) for training, and 30% (57) for checking. The idea behind using a checking data 
set for model validation is that after a certain point in the training, the model begins 
overfitting the training data set. In principle, the model error for the checking data set 
tends to decrease as the training takes place up to the point that overfitting begins, 
and then the model error for the checking data suddenly increases [13]. Overfitting is 
accounted for by testing the fuzzy inference system (FIS) trained on the training data 
against the checking data, and choosing the membership function parameters to be 
those associated with the minimum checking error if these errors indicate model 
overfitting [14]. In the present model, the number of training epoch (40), error 
tolerance (0), initial step size (0.01), step size decrease rate (0.9), and step size 
increase rate (1.1). While, the methods of this model are, andMethod (prod), 
orMethod (max), defuzzMethod (weighted average), impMethod (prod), and 
aggMethod (max). 
     For each model (ANFIS & LR), root mean squared error (RMSE) (Eq. 7), mean 
absolute error (MAE) (Eq. 8), determination coefficient (R2) (Eq. 9), and correlation 
coefficient (R) (Eq. 10) were used as evaluation criteria. 
 

𝑅𝑀𝑆𝐸 = (
∑ (𝑌𝑗−𝑌�𝑗𝑛
𝑗=1 )2

𝑛
)1/2                                                                         …(7) 

𝑀𝐴𝐸 =
∑ �𝑌𝑗−𝑌�𝑗�𝑛
𝑗=1

𝑛
                                                                                      …(8) 

𝑅2 = 1 −
∑ (𝑌𝑗−𝑌�𝑗𝑛
𝑗=1 )2

∑ (𝑌𝑗−𝑌�𝑛
𝑗=1 )2

                                                                                … (9) 

𝑅 =
∑ ��𝑌𝑗−𝑌���𝑌�𝑗−𝑌 ����𝑛
𝑗=1

�∑ �𝑌𝑗−𝑌��
2 ∑ �𝑌�𝑗−𝑌 ���

2𝑛
𝑗=1

𝑛
𝑗=1 �

1/2                                                                … (10) 

 
Where: 
 
 𝑌 𝑎𝑛𝑑 𝑌� are the observed and estimated values respectively and 𝑛 is the number of 
observations. 𝑌�𝑎𝑛𝑑 𝑌 ��  are mean of observed and estimated values. 
     The RMSE shows the goodness of fit relevant to high values whereas the MAE 
measures a more balanced perspective of goodness of fit at moderate value. The R2 

shows the degree to which two variables are linearly related [15]. R is a measure of 
how well trends in the predicted value follow trends in past actual value [16].   
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Figure (3) The shape of membership function of temperature (T) and relative 
humidity (RH). 

Results and Discussion 
      Two models are used for estimating monthly pan evaporation in Basrah City. The 
first model is adopted by using ANFIS models, while the last model is adopted by 
using linear regression LR model. These models are described as follow: 
Model No.1: 

a, E = f (T)……. ANFIS  

b, E = f (T, RH)………ANFIS  

Model No.2: 

 E = f (T)……… LR 

    Based on the idea, that the measuring of temperature is very easy, therefore, this 
variable is adopted as an input for estimating the amount of evaporation by using 
ANFIS and LR models. The second ANFIS model (b) is developed by introducing 
another input variable (relative humidity) in order to study the effect of this variable 
on the results. Table (1) gives the tabulation of performance of the different models. 
The performances indicators throughout the study are root mean squared error 
(RMSE), mean absolute error (MAE), determination coefficient (R2), and correlation 
coefficient (R) over the checking period.  
 

Table (1) The results of models computed over the checking period 
 

R R2 MAE RMSE Description Model No. 
0.986 0.905 48.402 64.126 a, ANFIS 1 
0.987 0.929 49.16 63.597 b, ANFIS  
0.938 0.879 51.7 64.42 LR 2 

RH (input 1) T (input 2) 
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      Obviously, estimating the monthly pan evaporation accuracy is significantly 
improved when using the ANFIS models compared with the LR model. It can be 
depicted that accuracy improvement about 5% in R and R2. The ability of the ANFIS 
model to accurately forecast monthly pan evaporation might be attributed to the 
method by which the ANFIS model recognizes the input variables. The use of fuzzy 
membership function to represent the different classes of temperature and relative 
humidity data allows considering the input data as a range rather than as a crisp input. 
Figures 4 to 6 present the details of the observed and calculated monthly pan 
evaporation and their corresponding scatter plots for the developed models.   
 

 

 

 

 

 

 

 

 

Figure (4) Comparative plots of observed and calculated monthly pan 
evaporation and their corresponding scatter plot for model No. 1 (a) over the 

checking period. 

 

 

 

 

 

 

 

 

Figure (5) Comparative plots of observed and calculated monthly pan 
evaporation and their corresponding scatter plot for model No. 1 (b) over the 

checking period. 
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Figure (6) Comparative plots of observed and calculated monthly pan 
evaporation and their corresponding scatter plot for model No. 2. 

 

CONCLUSIONS 
     In the present study, monthly pan evaporation was estimated by using two 
different models (ANFIS & LR). The ANFIS model is used twice, in the first one, the 
temperature is used as input data only, and in the second one, the temperature and 
relative humidity are used as input data for predicting the evaporation. A verification 
test is added to check the model correctness by matching the calculated evaporation 
with the once observed. The comparison reveals that the ANFIS models give better 
accuracy in estimation of monthly pan evaporation than the linear regression model; 
the accuracy is improved about 5% in R and RP

2
P. Based on the idea, that the measuring 

of temperature is very easy and low cost, it could be used as input data for estimation 
pan evaporation. This model could provide a check on doubtful measurements. 
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