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Abstract 

In the present study three AI techniques (ANFIS, GP, and ANN) have been used to forecast the inflow 
into Dez reservoir in the southwest of Iran. In order to develop a suitable model of time series for 
forecasting inflows, the models have been used considering pervious inflows and cycle terms in the input 

vector. To evaluate the model performance, root mean square error, mean absolute error, correlation 
coefficient and Nash-Sutcliffe coefficient of efficiency have been employed. Results showed that the 
ANFIS has the best performance in forecasting inflow time series into Dez dam reservoir. The GP and 
ANN are in the second and third ranks, respectively. According to the results, in all of the AI methods 
(ANFIS, GP, and ANN), the model with cycle terms had better performed when comparing to those 
models which are not considering the periodic nature. 
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1. INTRODUCTION  
Forecasting river flows and reservoir inflows plays a vital role in water resources management as one of the 

most important fields in hydrology. It is useful for a better management of reservoir operation, optimizing 

and water allocation, hydropower generation, supplying water to industry, agriculture or municipality, 

drought management and also a necessary tool for an accurate and reliable reservoir inflow forecasting. 

Reliable forecasting of reservoir inflows at different time scales can considerably enhance the ability to 

predict the availability of water in the future. Recently, many researchers have paid more attention to 

hydrologic time series forecasting. Consequently, during the last decade, various models have been proposed 

in order to predict hydrologic time series. According to Wang et al. (2009), these models can be divided into 

three groups: regression based methods, time series models, and AI-based models [1]. Autoregressive 

moving-average models (ARMA) proposed by Box and Jenkins (1970) have been extensively used to model 

the hydrological time series in the last few decades [2]. ARMA, as one of the most popular hydrologic time 
series, has been widely used by researchers [3]; Artificial intelligence (AI) models such as fuzzy inference 

systems (FIS), artificial neural networks (ANN), support vector machine (SVM), wavelet-artificial neural 

network (WANN) and genetic programming (GP) have attracted the attention of researches for forecasting 

the hydrological variables in recent years. ANNs have been applied successfully in different fields of 

hydrological modeling, especially stream flow prediction [4, 5]. Moreover; Fuzzy logic and fuzzy set theory 

based approaches, proposed by Zadeh (1965), have been widely used in hydrological modeling [6, 7]. Also, 

GP has been also used in a variety of hydrological studies for predicting and simulating the hydrological 

processes and water resources management during recent years [8].  

   Since the changes in streamflow have occurred because of climate change phenomenon, recent droughts 

and diminishing water resources, modeling inflow into the reservoirs is vital to develop successful water 

resources policies and management. Moreover, Iran has a semi-arid climate and the reservoirs have a key role 
in water resources management and water allocation in such regions. Reservoir of Dez Dam, as one of the 

most important dams in Iran, plays a prominent role in the economy, water resources and agriculture in the 

southwestern part of the country. In the present study, ANFIS, ANN and GP models are used to forecast 

monthly inflows into the reservoir of Dez Dam in southwest of Iran. Moreover, in order to evaluate the effect 

of monthly periodicity on stream flow data, cycle terms are also considered in all of the used AI models. 
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2. METHODOLOGY 

2.1    Description of the Selected AI Models 
2.1.1    Adaptive Neural-based Fuzzy Inference System (ANFIS) 

Fuzzy logic and fuzzy set theories which were introduced by Zadeh (1965) were first employed to 
describe human thinking and reasoning in a mathematical framework [9]. The fuzzy-rule based modeling is a 

qualitative modeling scheme where the system behavior is being described by using the natural language. 

Fuzzy Inference System (FIS) is a decision making tool for modeling linguistic, vague and/or imprecise 

information and it is also known as fuzzy-rule-based system, and has numerous applications, ranging from 

controlling to forecasting [10]. A general, fuzzy inference system consists of five functional components: 

• A base rule containing a number of fuzzy If-Then rules. 

• A database which defines the membership functions of the fuzzy sets being used in the fuzzy rules. 

• A decision-making unit which performs the inference operations on the rules. 

• A fuzzification interface which transforms the crisp inputs into degrees of match with linguistic 

values. 

• A defuzzification interface which transforms the fuzzy results of the inference into a crisp output. 
 

According to Jang (1993) and Reddy (2006) the ANFIS architecture basically consists of five layers [11, 

12]. A brief description on functionality of these layers is given below: 

Layer 1: Premise part (input nodes). It computes the membership grades. Each i node in this layer 

generates a membership grade which are belong to appropriate fuzzy sets using membership functions. 

      1 ( )
ii AQ x     for i=1, 2                                                                             (1) 

    
2

1 ( )
ii BQ y


     for i=3, 4                                                                            (2) 

where 
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iQ is the membership function of Ai and Bi fuzzy sets; x and y are the crisp inputs into the i th 

node; Ai and Bi are the linguistic labels (short, long etc.) which are characterized by suitable membership 

functions, μAi and μBi, respectively. Any continuous and piecewise differential functions such as trapezoidal 

or triangular membership functions can be used. In water resources fields these are the most commonly used 

membership functions. But, due to smoothness and concise notation, the bell shaped and Gaussian 

membership functions are becoming popular for specifying fuzzy sets. The bell shaped membership function 

is adopted in this study and is described as follows: 

2

1

1

i i
A b

i

i

and
x c

a

 




 
2

1

1

i i
B b

i

i

y c

a

 




                                                   (3) 

where ai, bi, and ci are the parameters set of the membership functions in the premise part of the fuzzy if-

then rules that changes the shapes of the membership function. Since the first layer belongs to premise part, 

parameters in this layer are referred as premise parameters. 
Layer 2: Implication (rule nodes). It combines the membership grades of layer-1 form the firing strengths. 

For implication of the rules, the T-norm operator is adopted. This operator multiplies the incoming signals 

and produces one single output that represents the firing strength (antecedent part) for that rule. 
2 ( ) ( )

i jk k A BQ w x y          1,2,3,4;for k    ;2,1i    2,1j                     (4) 

Firing strength gives the degree to which the antecedent part of a fuzzy rule is satisfied and it shapes the 

output function for the rule. 

Layer 3: Normalization (average nodes). This layer normalizes the firing strengths. In this layer, the i th 

node calculates the ratio of the firing strength of the ith rule to the sum of firing strengths of the all rules. The 

normalized firing strength is given as:  
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Layer 4: Consequent part (consequent nodes). In the fourth layer, the node function computes the 

contribution of the ith rule towards the total output and is expressed as: 
4 ( ) 1,..., 4ii i i iQ w p x q y r for i                                   (6) 

where wi is the ith node output from the previous layer; {pi, qi, ri} are the coefficients of the consequent 

part and are also known as the consequent parameters. 
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Layer 5: Output (output nodes). The single node computes the overall output by summing up all the 

incoming signals. 
4
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In this method, the modifiable parameters in layer 1 determine the shapes and positions of membership 

functions, and those in layer 4 specify the output linear equation of each rule. In layer 1, all the parameters 

have nonlinear behavior, so it requires a nonlinear optimization technique, and in layer 4, all the parameters 

are linear in nature, and any traditional or advance optimization technique can be used (Reddy 2006). 
 

2.1.2    Artificial Neural Networks (ANN) 

Artificial neural networks (ANN) have been developed as generalizations of biological nervous systems 

for mathematical models [13]. An ANN usually consists of three layers: the input layer, where the data are 

introduced to the network; the hidden layer or layers, where data are processed; and the output layer, where 

the results of given input are produced [1]. Within and among the layers the neurons can be connected in two 

ways: (i) feed forward networks. (ii) Recurrent networks. In feed forward networks, neurons are arranged in 

several layers. Information flows only in one direction, from the input layer to output layer and in recurrent 

networks, neurons are arranged in one or more layers and feedback is introduced either internally in the 

neurons to other neurons in the same layer or to neurons in preceding layers [14]. The commonly used neural 

network is three-layered feed forward network, due to its general applicability to a variety of different 
problems [7]. 

2.1.3    Genetic Programing (GP) 

GP is a heuristic evolutionary modelling technique that automatically solves problems without requiring 

the user to know or specify the form or structure of the solution in advance [15]. Unlike statistical techniques 

such as ANN, GP is self-parameterizing that builds models without any user tuning. The major inputs for a 

GP model are (1) patterns for learning, (2) fitness function (e.g., minimizing the squared error), (3) functional 

and terminal set, and (4) parameters for the genetic operators like the crossover and mutation probabilities 

[16]. Generally, GP solves any problem through five steps: (i) randomly generation of an initial population 

(computer programs) by the functions and terminals of the problem; (ii) execution of each program with 

certain fitness value; (iii) creation of a new population of computer programs based on reproduction, 

mutation and crossover operators; (iv) comparison of new fitness values, and (v) selection of the best 

computer program (evolutionary process) [15]. 

2.2    Study Area and Data Analysis 

2.2.1   Case study 

The Dez basin is located in the southwest of Iran between 32° N to 34° N and 48° E to 50° E, and it is one 

of the greatest and the most important basins of agriculture in Iran. The average annual precipitation in this 

basin is about 500 mm. Dez Dam was constructed in 1963 on the Dez river in north of Khuzestan province, 

to generate power, meet the irrigation demands, supply water and control floods. This dam was the largest 

dam in the Middle East (at the time of construction). It is a double curvature concrete arch dam with a height 

of 203 m and is one of the highest in the world. Maximum storages of the reservoir of Dez dam is 3460 

Mcm, and the area of the reservoir lake is approximately 65 km2.  

2.2.2    Data Analysis 

In this study the monthly streamflow data have been obtained from TalehZang station in the period of 1961-

2011. The time series of average monthly inflow of Dez dam were employed for training (1961 to 1999) and 

validation (2000 to 2011) of the models. The training dataset was divided into two parts comprising a 

training dataset and a checking dataset. It is worth mentioning that this method is recommended to avoid 

over-fitting of the system to the training dataset. The training data set has been used to compute the gradient 

and update the network weights and biases. The validation data set has been used to quantify the general 

performance of all the models [7]. The statistics criteria of the two datasets (calibration and validation) are 

given in Table 1. 
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Table 1. Summary of statistics of the calibration and validation datasets (1961-2011). 

 
Validation Period Calibration Period 

SD(m3/s) Mean (m3/s) 
SD 

(m3/s) 
Mean 
(m3/s) 

Month 

15.46 66.65 32.51 84.48 Oct 

30.78 107.04 101.39 135.27 Nov 

79.65 170.36 134.44 193.68 Dec 

127.73 221.48 125.21 241.22 Jan 

202.74 305.25 173.62 353.17 Feb 

238.11 383.06 243.66 503.66 Mar 

220.91 446.62 256.07 585.50 Apr 

184.33 347.78 212.40 453.07 May 

68.85 177.03 105.48 252.44 Jun 

41.85 112.88 60.78 153.75 July 

28.19 83.99 40.23 104.45 Aug 

17.07 67.70 20.57 79.96 Sep 

 

Normalizing is an essential stage before using any ANN-based model. This pre-processing makes data 

dimensionless and confines them within a certain range. There are basically two reasons for pre-processing. 

First, pre-processing can ensure that all variables receive equal attention during the training process. Second, 

pre-processing is important for the efficiency of training algorithms. There are many equations which have 

been developed and used by researchers for normalizing data. The below equation was used for normalizing 

the streamflow data [17]: 

    min

max min

8                                                             i
i

x x
x

x x





                                                                  

Also, the parameters which need to be selected in the input vector are the number of inflow values of 

monthly series at different time lags that can best represent the time series by AI models. Determining the 

number of inflow values, which involves finding the lags of inflows that have significant influence on the 

predicted flow (Sudheer et al. 2002). For this reason, autocorrelation and partial autocorrelation analysis of 

the streamflow data have been carried out. The correlation pattern indicated strong correlation between the 

examined variables. Based on The ACF of measured data in Talezang station, it can be concluded that there 

is a strong relationship among measured data in Talehzang station. Accordingly, it can be expected that the 
fitted models have a high accuracy. 

 
2.3    Development of AI Models 

Usually in hydrological forecasting models, researchers have interests to predict the output of the inputs 

based on the past time and there are no fixed rules. The objective on predicting inflow using antecedent 

values is to generalize a relationship of the following form [1]: 

( )mY f X                                                                                                        (9) 

Where Xm is an m-dimensional input vector consisting of x1.  . . xi, . . . , xm variables, and Y is the output 

variable. In inflow modeling, values of xi may be flow values with different time lags and the Y value is 

generally the flow in the next period. Normally, the number of antecedent values included in the Xm vector 

are not known formerly. In inflow forecasting by AI models, the selection of appropriate input model has an 

important role to get suitable results. 

Furthermore, in this study to take into account the effect of monthly periodicity, cyclic terms {cos2p.i/12 and 

{sin2p.i=/12}, (i = 1, 2… 12) have been included in the input vector. The performance of the considered AI 

models has been evaluated by some evaluation criteria [7]. In order to develop a suitable time series model 

for forecasting inflows into DEZ dam, the following eight combinations of input vectors have been 

considered. At the first stage, M1 to M4 models only consider the pervious inflows in the input vector, and at 

the second stage, M5 to M8 models consider both the pervious inflow and the cycle term in the input vector: 
 
M1:  Q(t)=f(Q t-1 )  ,  

M2:      ( ) 1 , 2Q t f Q t Q t    

M3:       ( ) 1 , 2 , 3Q t f Q t Q t Q t     

M4:          ( ) 1 , 2 , 3 , 4Q t f Q t Q t Q t Q t                                                                              
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M5:        ( ) ( 1 ,cos 2 . /12 ,sin 2 . /12 )Q t f Q t i i    

M6:           ( ) 1 , 2 ,cos 2 . /12 ,sin 2 . /12Q t f Q t Q t i i     

M7:            ( ) 1 , 2 , 3 ,cos 2 . /12 ,sin 2 . /12Q t f Q t Q t Q t i i      

M8:              ( ) 1 , 2 , 3 , 4 ,cos 2 . /12 ,sin 2 . /12Q t f Q t Q t Q t Q t i i       

 

2.4     Model performance evaluation 

In order to evaluate the performance of the models, root mean square error (RMSE), mean absolute error 

(MAE), correlation coefficient (r) and Nash-Sutcliffe coefficient of efficiency (CE) have been used. 

2.4.1 Root Mean Squared Error (RMSE)  

This performance criterion determines the accuracy of the model in a quantitative sense. RMSE is defined as: 

2

1

1
( )

T
t t

o m
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RMSE Q Q
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                                                                                     (10) 

2.4.2 Mean Absolute Error (MAE)  

This performance criterion is a simple weighted average of the absolute errors and is defined as: 
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                                                                           (11) 

2.4.3 Correlation Coefficient (r)  

The correlation coefficient gives the strength of relationships between observed and estimated values by the 

model and is defined as: 
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2.4.4 Nash-Sutcliffe Coefficient of Efficiency (CE)  

This performance criterion measures the goodness-of-fit of the model with respect to the bench mark (Nash 

and Sutcliffe 1970) and is useful to assess the predictive power of hydrological models.  
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                                                                                          (13) 

   where in all of the above equations, the subscripts ‘o’ and ‘m’ refer to the observed data and the predicted 
values by the model, respectively. T is total number of data points; Qo is the observed discharge, and Qm is 

the modeled discharge, Qt is the discharge at time t, oQ  and mQ are the mean values of observed and modeled 

discharges, respectively. 

 
2.5      Application of the models  

It should be mentioned that, in order to model the network (grid), partitioning technique was used with 

ANFIS. There are two training algorithms i.e., back-propagation algorithm and hybrid learning algorithm 

which both of them were used in this study to optimize the parameters of membership function. In the 

network partitioning technique, for constructing the initial fuzzy model, eight membership functions which 

were supported by ANFIS, were used for fuzzification of input variables. In summary, at first, the initial 

structure of ANFIS model was constructed by using network (grid) partitioning technique and then it was 
trained with both of back-propagation and hybrid learning algorithms. 

In Genetic Programming (GP) process, selecting different initial random populations (that are called as 

training data set in GP process) which are effective on the process of training the mechanism of governing 

process, will cause increasing the complexity of pattern and used memory, and decreases the accuracy of the 

model. Therefore, in architecting the inflow patterns, it is recommended to try to choose the most effective 

set of observations as the training dataset. Another important point in GP modeling is the selection of the 

model functions (operators) for calculating processes. In this study, the combination operator was used to 

forecast the monthly inflow to Dez dam reservoir. Different input patterns were considered for GP modeling 

which were divided into two main classes including periodic and non-periodic ones. Also, in this study, the 
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Tan–Sigmoid transfer function was used in the hidden layer, the linear transfer function for the output layer, 

and the Levenberg-Marquardt algorithm for the used training in application of ANN. For every input pattern, 

different network architectures were constructed and trained by changing the number of the hidden layer and 

the number of the neurons. Then the pattern with the lowest error was selected for further analysis. For the 
evaluation of GP and ANN model in forecasting the monthly reservoir inflow, the used architectures of input 

variables were similar to those which were used for ANFIS model i.e., 4 non-periodic models and 4 periodic 

models.  

 

3. RESULTS AND DISCUSSION 
Table (2) presents the values of performance criteria of the AI models during calibration and validation. 

According to the results, the ANFIS models, without considering the periodicity of flows (i.e., M1 to M4 

models), have lower accuracy than the other models that considered the periodicity. Based on the results, the 

M3 and M2 models had the best values of evaluation criteria among non-periodic models, and among the 
models which considered periodicity (M5 to M8 models), M6 and M7 models had the highest accuracy in 

forecasting monthly reservoir inflow to Dez dam. Generally, the M7 model showed the best accuracy among 

all the 8 considered models. Fig. 1 presents the results in the form of time series plots of observed and 

computed monthly inflows by M7 model. 
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Fig. 1 Time series of the monthly mean inflows of the ANFIS (validation results). 

 

Furthermore, the performances of all the considered GP models developed during the training and validation 

periods are given in Table (2). The results suggests that the periodic models (M5 to M8 Models) outdo non-

periodic models (M1 to M4 models). The input pattern with 3 months lag time had the best performance 

among the non-periodic models, and among the periodic models, the M6 model, considering the seasonality 

effect and 2 months lag time, showed the highest accuracy in validation period and was selected as the best 
pattern for constructing GP. Fig. 2 presents the comparison between measured and forecasted monthly 

inflows into Dez dam reservoir using the best pattern of GP and M6 model, during validation period. 
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Fig. 2 Time series of the monthly mean inflows of the GP (validation results). 

 
 

Based on Table (2), the input pattern including inflow with 2 months lag time had the best performance 

among the non-periodic models with ANN, but considering the periodicity in input patterns resulted in an 

improvement in the accuracy of the models and thus M7 model was selected as the best architecture based on 

the MAE and RMSE values. According to the results, the values of MAE and RMSE are greater than the 

values for periodic models for non-periodic models. This situation was observed in all of the considered 

methods. Fig. 3 presents the comparison between observed and forecasted reservoir inflow time series by 

using the selected ANN (M7 model). 
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Fig. 3Time series of the monthly mean inflows estimated by the ANN (validation results). 
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The time series of the forecasted monthly mean inflows and comparison between observed and forecasted 

values of the all considered AI methods are presented in Fig. 4. According to the results, it can be observed 

that all of the considered AI methods had almost the same performance in forecasting the reservoir inflow, 

but the ANFIS had better performance than the other two methods. It should be mentioned again that the 

performance of the AI methods were compared for the best input pattern, i.e., for the ANFIS and ANN the 

results of M7 model, and for the GP the results of M6 model were compared to identify the suitable method 

for forecasting the inflow time series of Dez dam reservoir. 

 
Table 2. Performance criterion of the AI models during calibration and validation periods. 

 

 

 

 

 

 

 

 

 

 

 

 
 
 
 
 
 
 
 

 

Table 2. Performance criteria of AI-models. 

 

Models 
Criteria 

performance 
Value  

ANFIS(M8) 

RMSE 73.84 

MAE 43.52 

r 0.93 

CE 0.841 

GP(M7) 

RMSE 107.46 

MAE 60.22 

r 0.85 

CE 0.656 

ANN(M8) 

RMSE 108.53 

MAE 65.80 

r 0.82 

CE 0.623 
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Fig. 6 Time series of the monthly mean inflows forecasted by the different AI Methods (validation results). 

AI 
Data 

Set 

Criteri

a 

Model 

M1 M2 M3 M4 M5 M6 M7 M8 

ANFIS 

C 

RMSE 102.26 91.27 91.04 89.89 88.92 82.10 72.83 82.04 

MAE 63.95 61.93 60.65 57.68 58.88 48.62 45.73 54.27 

r 0.87 0.90 0.91 0.92 0.92 0.93 0.95 0.92 

V 

RMSE 105.81 104.6 99.59 96.99 95.38 88.05 73.84 90.99 

MAE 75.00 71.03 65.02 57.99 58.04 50.20 49.52 62.91 

r 0.80 0.81 0.83 0.87 0.88 0.91 0.93 0.89 

GP 

C 

RMSE 115.14 108.44 107.70 111.29 96.08 95.96 86.86 98.60 

MAE 90.62 73.97 65.20 72.81 65.52 56.28 52.68 64.73 

r 0.82 0.83 0.84 0.83 0.87 0.89 0.92 0.90 

V 

RMSE 125.09 112.28 110.63 118.2 109.18 102.46 107.9 116.08 

MAE 83.83 75.62 66.41 76.17 66.81 60.22 62.60 63.72 

r 0.73 0.77 0.80 0.79 0.81 0.85 0.82 0.81 

ANN 

C 

RMSE 114.39 106.01 92.38 102.80 96.45 91.33 88.16 90.70 

MAE 82.02 77.57 66.02 64.80 62.84 60.54 61.51 58.90 

r 0.78 0.82 0.89 0.84 0.90 0.93 0.93 0.92 

V 

RMSE 126.39 119.98 108.63 110.58 110.26 110.89 108.53 112.17 

MAE 84.00 77.59 72.04 74.86 69.12 67.78 65.80 68.35 

r 0.72 0.74 0.79 0.77 0.78 0.80 0.82 0.80 
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4. CONCLUSION 
In the present study ANFIS, ANN and GP models were employed to forecast the inflow of the reservoir of 

Dez dam. The input data were presented in two different styles into the used models: (i) with considering the 
periodicity of flows and (ii) without considering the periodicity of flows. According to the results of this 

study, ANFIS have showed a better performance than the other two models and estimated the input flow 

more accurate with less error. After ANFIS, GP stands in the second order, and by considering the obtained 

results, GP with the M4 input pattern has had the best performance while for the ANFIS model, M5 has 

presented the most accuracy. This result means that the GP needs less input data to predict the flow. In 

several studies such as Qorbani et al (2010) the performance of GP have reported better than ANN which 

matches well with the results of this study. Furthermore, according to the results, in all of the considered AI 

methods, the models with periodic input architecture had better performance when comparing to those 

models without taking into account the periodic nature of the underlying process of interest. 
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