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Abstract 

Three data-driven modelling techniques (Artificial Neural 

Networks (ANN), Adaptive Neuro Fuzzy Inference Systems 

(ANFIS), and Autoregressive Integrated Moving Average 

(ARIMA)) were used for predicting of Euphrates River flow 

for one month ahead in Thi Qar City at Southeastern Iraq. The 

monthly average discharges of Euphrates River for the period 

(1995-2015) were used in this research. Three layers feed- 

forward network with sigmoid hidden neurons and linear 

output neurons are used in this research, the ANN is trained 

with Levenberg-Marquradt back-propagation algorithm. The 

total number of observations data was equal to 248 samples; 

divided into three statistical groups (148 samples as a training 

group, 50 samples as a validation group, and 50 samples as a 

testing group). Two preceding discharge values (Qt-1, Qt-2) 

were used for predicting the discharge value (Qt). The 

clustering radius is an important parameter to determine the 

number of clusters and fuzzy if-then rules in ANFIS model. The 

best value of clustering radius (0.8) was associated with lowest 

value of checking root mean squared error (33.716).According 

to statistical evaluation criteria, ANFIS model was better than 

ARIMA model, and slightly better than ANN model. The 

superiority of the ANFIS technique to the ANN and ARIMA 

models due to the fuzzy clustering of the input space and for 

creating a rule-base to generate the output. ANFIS model can 

be used by the Iraqi Ministry of Water Resources to extract 

results close to reality and give an approximate estimate of the 

expected flow values in the Euphrates River, better than using 

other high-cost models such as conceptual models or physically 

based models. 
 

Keywords: Artificial Neural Networks (ANN) , Adaptive 

Neuro Fuzzy Inference Systems (ANFIS) , Autoregressive 
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INTRODUCTION 

Due to the limited water resources, proper and optimized 

management is the most important task of policy-makers and 

engineers in this field. One of the most important elements of 

water resources management is predicting the volume of these 

resources, especially predicting the flow of the rivers. River 

flow prediction is an important subject of research for water 

resources engineering and hydrology. It is used in the following 

aspects, in the management of irrigation projects, operation and 

development of water resources projects. However, the issue is 

difficult because of the complexity of the physical processes 

involved in generating river flows. The physically based model 

is far from being achieved, so researchers have focused 

attention on the use of "data driven" techniques in recent years. 

There are several flow forecasting models that can be broadly 

classified under three main categories: (1) conceptual models 

(2) physically based models and (3) black-box models or data-

driven models [1]. Conceptual models rely on a simple 

arrangement of a relatively small number of interrelated 

conceptual elements, each of which is part of the land phase of 

a hydrological cycle. Many modeling techniques have been 

developed based on physical principles to understand the 

behavior of hydrological systems and water resources. 

physically based models, the input-output relationship is 

obtained through the development and solution of fluid 

mechanics and thermodynamics equations, with appropriate 

and detailed boundary conditions, to describe the dynamics of 

water throughout the hydrologic system in question. Black-box 

modeling, by building a model based only on data (data-driven) 

without having previous knowledge of the system. Data-driven 

models provide an alternative to the physically based model 

because of its complexity [2]. Examples of data-driven models 

applied in the water resources and hydrology system are the 

rating curve, unit hydrograph method, statistical models (which 

include, Autoregressive moving average (ARMA), 

Autoregressive integrated moving average (ARIMA) models, 

and linear regression) and machine learning (ML) models [3]. 

In the recent years, the Artificial Neural Network (ANN) 

approach has been widely used in hydrological modeling, due 

to their ability to model nonlinear systems with high efficiency. 

Many researchers have dealt with neural networks for the river 

flow forecasting [4-10]. 

Fuzzy Inference System (FIS) is another data-driven method, 

which have been widely used in hydrological studies. Fuzzy 

inference system allows a logical data-driven modeling 

approach, which uses IF–THEN rules and logical operators to 

establish qualitative relationships among the variables in the 

model. The FIS has been used successfully and get accurate 

results in real-time flood forecasting and rainfall–runoff 

modelling [11-14]. In recent years, the fusion of neural 

networks and fuzzy logic has generated neuro-fuzzy systems. 

ANFIS model integrates both neural networks and fuzzy logic 

principles; thus it has the ability to draw the benefits of both in 

a single frame. ANFIS is a type of artificial intelligence models 

that is classified as a theoretical model of the system; it is able 
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to build up an acceptable simulation of complex and nonlinear 

processes even in rare data conditions [15]. ANFIS has gained 

great popularity in various fields of hydrological modeling in 

recent years. There are some studies done using ANFIS in 

water resources and hydrologic [16-24]. 

In this study, three data-driven techniques are used for 

predicting of Euphrates River flow in Thi Qar City. Artificial 

neural networks (ANN), adaptive neuro fuzzy inference 

systems (ANFIS), and autoregressive integrated moving 

average (ARIMA) are used in this research. In addition to 

investigating the capability of these techniques and their 

efficiency and accuracy of the forecasting the stream flow for 

one month ahead. 

 

STUDY AREA AND DATA SET 

Thi-Qar City is located in southeastern Iraq and shares internal 

borders with provinces (Basrah, Muthanna, Qadissiya, Wassit 

and Missan ) as shown in Figure (1). The Euphrates River 

crosses the province and feeds into the Hammar marshes, 

which once covered one-third of the area of the province, but 

shrunk dramatically after the drying campaign in the 1990s. 

The Euphrates is the longest river of Western Asia. It originates 

from the confluence of Kara-su or West Euphrates and 

the Murat Su or Eastern Euphrates, 10 kilometers from the city 

of Kiban in southeastern Turkey.  The most water of the 

Euphrates River from rainfall and melting snow, leading to 

higher volumes of discharge during the months of April to 

May.  36% of the total annual discharge of the Euphrates occurs 

in these two months, low runoff occurs in summer and autumn 

[25]. The Euphrates River drainage system has changed 

dramatically since the first dams were built in the 1970s. Data 

on discharge of the Euphrates collected after 1990 show the 

impact of the construction of numerous dams in the Euphrates 

and increased water withdrawal for irrigation [26]. The 

monthly average discharges of Euphrates River in Thi Qar City 

for the period (1995-2015) which was used in this study were 

obtained from the Iraqi Ministry of Water Resources. Table (1) 

and Table (2) show summary statistics of the raw data and the 

histogram frequency for data set respectively, while Figure (2) 

shows both frequency distribution and standard normal 

distribution plot for data set. 

 

 
 

Figure 1: Location of study area in reference to map  

of Iraq [27]. 

 

Table 1: Summary statistics of the raw data. 

Statistics parameter value 

 Average: 147.7419 

 Standard Deviation: 66.61623 

 Skew: -0.09 

 Excess Kurtosis: -0.66 

   

 Median: 153.5 

 Minimum: 9 

 Maximum: 310 

 1st Quartile: 94.25 

 3rd Quartile: 194 

 

 

Table 2: Frequency distribution and standard normal 

distribution for data set. 

 

Bin LL UL Center Freq. Normal 

1 9 42.44444 25.72222 8.5% 4.0% 

2 42.44444 75.88889 59.16667 10.9% 8.7% 

3 75.88889 109.3333 92.61111 10.1% 14.5% 

4 109.3333 142.7778 126.0556 14.1% 18.9% 

5 142.7778 176.2222 159.5 19.8% 19.4% 

6 176.2222 209.6667 192.9444 21.0% 15.5% 

7 209.6667 243.1111 226.3889 8.9% 9.7% 

8 243.1111 276.5556 259.8333 5.2% 4.7% 

9 276.5556 310 293.2778 1.6% 1.8% 

 

 
Figure 2: Frequency distribution and standard normal 

distribution plot of data set.  

 
 

ARTIFICIAL NEURAL NETWORKS (ANN) 

Artificial neural networks are able to learn the behavior behind 

a system of data sets available. The learning process, also 

known as training, is done according to the learning rule. The 

synaptic weights are adjusted during training so that the error 
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surface converges to the minimum extent possible. Neural 

network architectures can be categorized mainly into single 

layer feed forward networks, multilayer feed forward networks 

and recurrent networks [28]. A layered network with just the 

input and output layers is referred to as the perceptron. Layers 

that do not have direct access to the outside world are called 

hidden layers. A multilayer perception (MLP) type neural 

network trained with the back propagation algorithm [29]. 

Multilayer perceptron are the layered arrangement of nonlinear 

processing elements (PE) as shown in Figure (3). Each 

connection between PEs is weighted by a scalar weight (w), 

during model training the scalar weight is adopted. The 

processing elements in the MLP generate the final output from 

the net inputs, making use of nonlinear activation functions. 

 

 
 
Figure 3: A multilayer perceptron with one hidden layer [4].  

 

During training, the contact weights are adjusted so as to reduce 

the squared difference between the desired output and the PE 

response. The optimal weights are the product of the inverse of 

the input autocorrelation matrix (R–1) and the cross-correlation 

vector (P) between the input and the desired response. The 

analytical solution of this problem is equivalent to a search 

technique to obtain the minimum of the quadratic performance 

surface, J(wi), using gradient descent by adjusting the weights 

at each epoch [28]: 

 

𝑤𝑖(𝑘 + 1) = 𝑤𝑖(𝑘) − 𝜂∇𝐽𝑖(𝑘)      ∇𝐽𝑖 =
𝜕𝐽

𝜕𝑤𝑖
                   (1) 

Where: 

𝜂 : coefficient of learning rate, ∇Ji(k) : gradient vector of the 

performance surface at iteration (k) for the ith input node. 

 

Performance surface (J) is calculated by equation (2) 

 

𝐽 = ∑ (𝑑𝑝 − 𝑦𝑝)2
𝑝 𝑎𝑛𝑑 min 𝐽 → 𝑤𝑜𝑝𝑡 = 𝑅−1𝑃                     (2) 

 

Where: 

𝑤𝑜𝑝𝑡  : Optimal weight. 

 𝑑𝑝 : Target output. 

 𝑦𝑝 : Calculated output of the pth output neuron. 

 

Three layer feed forward neural network used in this study, 

which have been widely used for water resources modeling, 

because these layers are sufficient to generate arbitrarily 

complex output signals [30]. The most efficient neural network 

training algorithm is the back-propagation algorithm [28]. 

Back-propagation algorithm is used in this paper.   

 

The output value of MLP is calculated as follows [31]: 

      

 

(3) 

 

Where: 

 𝑊𝑗𝑖: A weight in the hidden layer connecting the ith neuron in 

the input layer and the jth neuron in the hidden layer. 

 𝑊𝑗𝑜 : The bias for the jth hidden neuron.  

 𝑓ℎ: The activation function of the hidden neuron.  

 𝑊𝑘𝑗 : A weight in the output layer connecting the jth neuron in 

the hidden layer and the kth neuron in the output layer. 

 𝑊𝑘𝑜: The bias for the kth output neuron. 

 𝑓𝑜: The activation function for the output neuron; 𝑋𝑖: i
th input 

variable for input layer; 𝑦𝑘  : computed output variable. 

 𝑀𝑁 𝑎𝑛𝑑 𝑁𝑁 : The number of the neurons in the input and 

hidden layers, respectively. 

 

ADAPTIVE NEURO-FUZZY INFERENCE SYSTEMS 

(ANFIS) 

ANFIS uses learning under the supervision of a learning 

algorithm that has a function similar to the Takagi-Sugino 

model of the fuzzy inference system. It integrates the benefit 

both neural networks and fuzzy logic in one framework 

[32].The ANFIS consists of five layers as shown in Figure (4), 

these layers are called (input, fuzzification, rule inference, 

normalization, and defuzzification). ANFIS can be illustrated 

by following equation [33]. 

𝑅𝑢𝑙𝑒 𝑖: 𝐼𝑓 𝑥𝑘1 𝑖𝑠 𝐹𝑖1 𝐴𝑁𝐷 𝑥𝑘2 𝑖𝑠 𝐹𝑖2 … 𝐴𝑁𝐷 𝑥𝑘𝑚  𝑖𝑠 𝐹𝑖𝑚 𝑇𝐻𝐸𝑁 𝑦𝑖

= 𝑐𝑖0 + 𝑐𝑖1𝑥𝑘1 + ⋯ + 𝑐𝑖𝑚𝑥𝑘𝑚  
 

𝑦 =
∑ 𝑤𝑖𝑦𝑖

𝑁
𝑖=1

∑ 𝑤𝑖
𝑁
𝑖=1

 , 𝑤𝑖 = ∏ 𝐹𝑖𝑗(𝑥𝑘𝑗)𝑚
𝑗=1                                           (4) 

 
Where: 

  i (i = 1,2, … , N) : ith fuzzy rule. 

 xkj(j = 1,2, … , m) : jth input variable of the kth pattern vector.  

 Fij : A fuzzy variable of the jth input variable in the ith rule. 

 ∏m
j=1 : A fuzzy T-norm operator. 

  wi : A rule firing-strength of the ith rule.  

 yi : i
th rule output, and y : overall output. 

 

The subtractive clustering algorithm is used in this research, it 

is a more suitable method when users do not have a clear idea 

of cluster number required to be used for a given data set.  It is 

a method that is commonly used to detect the center of the 
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cluster and determine the center position of each cluster [34]. 

The algorithm tries to find the point with the highest number of 

neighbors as the center of the cluster. For a given set of data 

points from x1……to … xn the density measure at a data point 

xj is given by the following equation [35]. 

 

Dj = ∑ exp [−
‖xj−xi‖

2

(ra/2)2 ]N
j=1            (5) 

Where: 

 ra : Data cluster radius.  

 

 

 
Figure 4: The general architecture of ANFIS [36]. 

 

 

AUTOREGRESSIVE INTEGRATED MOVING 

AVERAGE (ARIMA) 

ARIMA methodology endeavors to depict the movements in a 

stationary time series as a function of what are called 

"autoregressive and moving average" parameters. These are 

indicated to as AR parameters (autoregressive) and MA 

parameters (moving averages).  

There are some procedures that must be achieved before 

applying the ARIMA model; the first step is to check the 

stationarity of the data set. "Stationarity" implies that the series 

remains at a fairly constant level over time. Data should also 

show a constant variation in their variability over time. This is 

easily seen with a series that is dramatic seasonal and grows at 

a faster rate. Without meeting these stationarity conditions, 

many accounts associated with the process cannot be 

determined. The ARIMA model function is represented by (p, 

d, q), this represents the order of the autoregressive components 

(p), the number of differencing operators (d), and the highest 

order of the moving average term (q). ARIMA models are 

defined as follows [37]: 

 

∆𝑡𝑍𝑡 = ∅1𝑍𝑡−1 + ⋯ + ∅𝑝𝑍𝑡−𝑝 + 𝑎𝑡 − 𝜃1𝑎𝑡−1 − ⋯ − 𝜃𝑞𝑎𝑡−𝑞                                                  

 

(6) 

 

Where:  

∆𝑡𝑍𝑡 : Differenced series. 

𝑍𝑡 : The set of possible observations on the time-sequenced 

random variable  

 𝑎𝑡 : The random shock term at time t   

 ∅1 . . . ∅𝑝 : The autoregressive parameters of order p and 𝜃1 . . 

𝜃𝑞 : the moving average parameters of order q. 

 

METHODOLOGY 

The performance of different prediction models can be 

evaluated in terms of appropriate fit after each model structure 

is calibrated using the training / validation data set and the test 

data set. For each model (ANN, ANFIS & ARIMA), root mean 

squared error (RMSE) (Eq. 7), mean absolute error (MAE) (Eq. 

8) and correlation coefficient (R) (Eq. 9) were used as 

evaluation criteria. 

 

𝑅𝑀𝑆𝐸 = (
∑ (𝑌𝑗−�̂�𝑗

𝑛
𝑗=1 )2

𝑛
)1/2              (7) 

 

𝑀𝐴𝐸 =
∑ |𝑌𝑗−�̂�𝑗|𝑛

𝑗=1

𝑛
                       (8) 

 

𝑅 =
∑ [(𝑌𝑗−�̅�)(�̂�𝑗−𝑌 ̅̂)]𝑛

𝑗=1

[∑ (𝑌𝑗−�̅�)
2

∑ (�̂�𝑗−𝑌 ̅̂)
2𝑛

𝑗=1
𝑛
𝑗=1 ]

1/2      (9) 

 

Where: 

 𝑌 𝑎𝑛𝑑 �̂� : The observed and estimated values respectively  

 𝑛 : The number of observations. 

 �̅�𝑎𝑛𝑑 𝑌 ̅̂ : The mean of observed and estimated values. 

 

The monthly average discharges of Euphrates River in Thi Qar 

City for the period (1955-2015) are used in this research. Data 

driven techniques are used for predicting monthly stream flow 

for one month ahead. Three layers feed- forward network with 

sigmoid hidden neurons and linear output neurons are used 

here. The network is trained with Levenberg-Marquradt back-

propagation. Mapminmax function is used for scaling the data 

set, based on this scale, the range of the input falls inside the 

range (-1 ≤ x ≤ 1). The total number of observations is 248 

samples; three statistical parts were used for dividing the data. 

60% (148 samples) for training, these are provided to the 

network during training, based on this part; the network is 

adjusted according to its error. 20% (50 samples) is used as a 

validation part; these are used to measure network 

generalization, and to halt training when generalization stops 

improving. The third part of data set is testing part (20%, 50 

samples), these have no impact on training and thus provide a 

separate measure of network performance during and after 

training.  According to trial-and-error procedure, the number of 

neurons in the hidden layer was optimized. Two preceding 

discharge values (Qt-1, Qt-2) are used for predicting the 

discharge value (Qt). The optimum number of neurons in 

hidden layer found to be 10.  

Adaptive neuro-fuzzy inference system is used here as a second 

model for forecasting Euphrates River discharge for one month 

ahead. A subtractive clustering method is used for calculating 

the clusters and fuzzy if-then rules. It is an attractive approach 

to the synthesis of ANFIS. By using this technique, each 

sample points meet in the form of cluster groups. Computation 

time in this method is related to data size linearly, but 

independent of the dimension problem under consideration. 

The clustering radius is an important parameter to determine 

the number of clusters and fuzzy if-then rules. This parameter 

is ranged of (0,1). The smaller radius of the cluster produces 

smaller groups and more rules, while a large cluster radius 

when approaching to one yields few large cluster in the data 
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and few rules. The optimal cluster radius is determined by 

conducting subtractive clustering network for several times, the 

value of cluster radius is changed over the range (0, 1). The best 

ANFIS model is selected based on RMSE. The observations are 

divided into two statistically parts. 80% (198 samples) for 

training, these are used in the network training, based on its 

error, the network is adjusted. Another part of the data is 

checking part (20% (50 samples)). The checking data is used 

for both checking and testing the fuzzy inference system 

parameters. Two preceding discharge values (Qt-1, Qt-2) are 

used for predicting the discharge value (Qt). Checking root 

mean squared error (chkRMSE) is generated by the processing 

of the checking phase. Table (3) shows the clustering radius 

with Checking root mean squared error and number of rules. 

 

Table 3: Clustering radius with checking root mean square 

error No. of rules. 

 

r chkRMSE No. of rules 

0.1 38.614 30 

0.2 34.573 6 

0.3 34.496 4 

0.4 34.526 4 

0.5 34.316 2 

0.6 34.170 2 

0.7 33.948 2 

0.8 33.716 2 

0.9 33.739 2 

 

The normal distribution of input data is carried out by using 

Gaussian function f(x) as in the following formula: 

 

f(x) =
e−(x−μ)2/σ2

σ√2π
                                                          (10) 

 

where : 

 μ and σ : mean and standard deviation of data, respectively of 

normal distribution.  

The standard deviation can be determined by using the 

following function: 

σ = (radii × (max(data) − min(data)))/sqrt(8.0)         (11) 

The output membership function (mf) is a linear equation as 

following equation:  

 

output mf1 = c1 × Qt−1 + c2 × 𝑄𝑡−2 + 𝑐3         (12) 

where : 

 c1  and  c2: Coefficients corresponding to the discharge value 

at preceding month (Qt−1) and 𝑄𝑡−2 respectively. 

 c3 : Constant coefficient. 

 

The Gaussian membership function parameters for the ANFIS 

model are shown in Table (4). ARIMA model is used for 

forecasting Euphrates River discharge for one month ahead. 

Because of the ARIMA model is a univariate time series 

analysis model, only one variable can be used (which in this 

case was the river flow discharge). The ARIMA model for river 

flow forecasting was developed using the IBM SPSS statistics 

software.  

The ARIMA model requires input data to have a constant mean, 

variance, and autocorrelation over time. Therefore, the river 

discharge data series were transformed into a stationary model 

through a differencing process. As shown in the Figure (5) one 

order of differencing is needed to stationarize this series. After 

taking one order of differencing, i.e., fitting an ARIMA (0,1,0) 

model with constant the residuals.  

 

Table 4: Input (a) and Output (b) Membership functions 

parameters of ANFIS model. 

a 

input Qt−1  input Qt−2  

Parameter  µ Parameter  µ 

mf1 85.14 51 mf1 85.14 60 

mf2 85.14 179 mf2 85.14 168 

b 

output  

Parameter C1 C2 C3 

mf1 0.0072 0.5058 99.75 

mf2 0.1792 0.3028 20.29 

 

 
 

 
 

Figure 5: Time series of Euphrates River discharge (a) before 

one order of differencing (b) after one order of differencing. 
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RESULTS AND DISCUSSION 

Adaptive neural fuzzy inference system (ANFIS) model , three 

layers feed- forward network with sigmoid hidden neurons and 

linear output model, and autoregressive integrated moving 

average (ARIMA) model  are employed in this study to observe 

their applicability for prediction monthly stream flow for one 

month ahead. The most important part was to find an 

appropriate number of hidden layers in ANN, number of 

neurons in the hidden layer, and the type of transform function. 

In this research, a trial and error procedure was used to 

determine the best output results according to least mean square 

error (MSE). The optimum number of neurons in hidden layer 

is equal to (10). According to adjusting clustering radius in 

ANFIS network, the training error can be controlled. The best 

value of clustering radius (0.8) is associated with lowest value 

of chkRMSE (33.716). In the ARIMA model, the number of 

autoregressive terms (p) is changed from 0 to 3, and the order 

of the moving average term (q) varied from 0 to 3. The number 

of differencing operators (d) was set to 1 to ensure the 

stationarity of the data as shown in Figure (5), after this 

procedure, parameter estimation in the ARIMA model was 

performed, and then stream flow is forecasted. ARIMA model 

was first trained using the data in the training set (1995 to 

2011), and then tested using the data in the testing set (2012 to 

2015), same statistical divisions of the other models (ANN and 

ANFIS) is used in the ARIMA model, the best ARIMA model 

was a (2, 1, 3) ARIMA model.  

Table (5) shows the results of applying three data-driven 

techniques with prediction accuracy results. As can be seen 

from this table, ANFIS model is better than ARIMA model, and 

slightly better than ANN model. Obviously, the accuracy for 

predicting stream flow is significantly improved when using 

the ANFIS models compared with other models (ANN, and 

ARIMA), The main reason is that the ANFIS model integrates 

both neural networks and fuzzy logic principles; thus it has the 

ability to draw the benefits of both in a single framework. 

 

Table 5: RMSE, MAE, and R of data-driven techniques in 

testing period. 

 

Model ANN ANFIS ARIMA 

RMSE 34.089 33.716 36.411 

MAE 23.850 23.133 27.60 

R 0.641 0.658 0.592 

 

Figures (6 to 8) present the details of the observed and predicted 

monthly stream flow for the developed models. The statistical 

evaluation criteria (RMSE, MAE and R) of ANN model were 

34.089, 23.850 and 0.641, respectively. The peak value was 

underestimated by a factor of 47.24 %, while, overestimation 

of lower value by a factor of 64.52 % showing a relatively 

better accuracy compared to the results for underestimation and 

overestimation by using ARIMA model. The factors of 

underestimation and overestimation of ARIMA model were 

(48.57%, 65.43) respectively. As can be seen from the Table 

(5), ANFIS model performed better than the other two models 

with (RMSE, MAE and R) values of 33.716, 23.133, and 0.658, 

respectively. The ANFIS produced quite good results, as shown 

by the goodness-of-fit criteria, compared to the ANN and 

ARIMA model. The overestimation of minimum values was 

comparatively lower in this model. However, peak flow was 

underestimated by 46.06%, while, overestimation of lower 

value by a factor of 63.63 %. The superiority of the ANFIS 

technique to the ANN and ARIMA model may be due to the 

fuzzy clustering of the input space and for creating a rule-base 

to generate the output.  

 

 
 

Figure 6: Comparative plots of observed and calculated stream flow by using ANN model over the testing period. 
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Figure 7: Comparative plots of observed and calculated stream flow by using ANFIS model over the testing period. 

 

 
Figure 8: Comparative plots of observed and calculated stream flow by using ARIMA model over the testing period. 

 

 

CONCLUSIONS 

Three data-driven techniques are used for predicting of 

Euphrates River flow in Thi Qar City. Artificial neural 

networks (ANN), adaptive neuro fuzzy inference systems 

(ANFIS), and autoregressive integrated moving average 

(ARIMA). A trial and error procedure was used to determine 

the best output results of ANN model according to least mean 

square error (MSE). The optimum number of neurons in the 

hidden layer is equal to (10). The clustering radius is an 

important parameter to determine the number of clusters and 

fuzzy if-then rules in ANFIS model. The best value of 

clustering radius (0.8) is associated with lowest value of 

chkRMSE (33.716). In the ARIMA model, the number of 

autoregressive terms (p) is changed from 0 to 3, and the order 

of the moving average term (q) varied from 0 to 3. The number 

of differencing operators (d) was set to 1 to ensure the 

stationarity of the data, the best ARIMA model was a (2, 1, 3) 

ARIMA model. There is a significant improvement in the 

ANFIS models performance when comparison with models of 

ARIMA and slightly better than ANN model.  The 

overestimation of minimum values and underestimation of 

peak flows were comparatively lower than other models.  The 

superiority of the ANFIS technique to the ANN and ARIMA 

model may be due to that the ANFIS model integrates both 

neural networks and fuzzy logic principles in a single 

framework. 
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