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 Daily River Flow (DRF) forecasting is an important task in water management planning 

and in designing hazard alarm systems for controlling flood damage. Machine learning 

as a scientific discipline that allows computers to evolve behaviors based on empirical 
data would be a powerful means in forecasting DRF. In this research, the DRF 

forecasting using Artificial Neural Network (ANN) and, the statistical supervised 

machine learning method, Support Vector Machine (SVM) was examined for Tajan 
River. Considering the whole factors affecting the DRF requires a huge database of 

historical records. The difficulty lies in finding the proper combination of 

meteorological parameters that have a considerable influence in DRF forecasts. In this 
regards, for the studied river different ANN and SVM models are developed to model 

all possible scenarios in including hydrological factors. Results also demonstrated that 

combination of input parameters had a considerable effect on the modeling accuracy 
and both of the investigated networks had almost equal and appropriate capability in 

terms of simulation and forecasting DRF. After examining level and manner of 

tomorrow flow relative to each one of the inputs, the network gained a proper 
understanding of the physical relationship between each of the input parameters and 

tomorrow flow. 

.  
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INTRODUCTION 
 

 Daily River Flow (DRF) forecasting in hydrological processes is a vital task in many engineering design 

activities. Sustainable planning and management of the rivers generally requires an accurate river-flow 

forecasting [1, 5]. Future forecasting is possible to some extent using previous happened events by utilizing the 

Artificial Intelligence (AI) techniques [2]. AI based models provide a link between the system’s input and 

output using recorded system response [3]. Artificial Neural Networks (ANNs), as one of the most popular AI 

techniques, have been used for river-flow forecasting by some investigators [4]. For example show the 

capabilities of ANNs in river-flow forecasting [6, 7]. The capabilities of Neural Network based models in 

stream flow forecasting are evaluated by on 47 watersheds in France and Central America [8]. On the other 

hand, the Support Vector Machines (SVMs) as the other AI based technique use the concept of decision planes 

to define decision boundaries. Recently the SVM is successfully utilized in many engineering learning 

problems. For example it is utilized SVMs to establish rainfall-runoff relationship model [9-11].  

 Considering that a large number of different variables influence DRF, it is one of the most complex 

hydrologic phenomena [12]. AI techniques are capable of understanding these complexities; however, they 

should have data of a large number of parameters affecting DRF as input within a long time period [13]. One of 

the problems in DRF forecasting is the presence of error in data, lack of access to one or several effective 

parameters and also poor data in the studied basin, especially in developing countries. These problems lead to 

decreased model performance [6, 14]. On the other hand, one of the effective parameters in DRF forecasting, 

specifically in mountainous areas, is snow parameter. The water obtained from melting the snow stored in river 

basins due to temperature increase considerably affects rivers' flow, especially in spring [15-17]. Snow Water 

Equivalent (SWE) is one of the most common parameters in river flow modeling which is used for applying 

snow effect to the model [18]. Cumulative Precipitation (Cprecip) parameter indicates the snow accumulated 
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during winter which melts in spring. Cprecip was first used as a model input for forecasting weekly flow of 

Winipeg basin in Canada [19]. 

 The main goal of this research was to first investigate and compare the capability of two SVM and ANN 

methods in forecasting DRF. Then, effect of selecting input pattern on model performance was studied and it 

was demonstrated that making some changes in Cprecip along with its consistence with the studied basin could 

considerably affect model's forecasting accuracy.  

 Finally, mathematical relations of the optimal model were extracted and analyzed to evaluate whether the 

model simultaneously gains a proper understanding from the physical relationship of each of input parameters 

and Qt+1 when obtaining acceptable results for DRF forecasting. 

 

 Study Area: 

 Tajan River is one of the most important rivers in Iran. The river is about 170 Km long where is 

originated up in the Alborz mountain chain and runs toward the Caspian Sea (See Fig. 1). The river is mostly 

located in Mazandaran province in north of Iran. The annual cumulative precipitation is about 384 mm in this 

zone. About 25% of the total annual precipitation falls in spring, 16% in summer, 30% in fall and 29% in 

winter. The average temperature in this zone is 15 °C. The studied area has the average daylight hours of 5.5 per 

day. The mean annual snow water equivalent is 101 mm. About 8% of the mean annual snow water equivalent 

provides in spring, 15% in fall and 77% in winter. There are a few active hydrometric stations in the 

Tajan River. The recorded data in Parverij Abad's hydrometric station are used in this research. The station is 

located near the Sari City. The station is located on (36˚ 14' 45˝ N) and (53˚19' 09˝ E) latitude and longitude, 

respectively.  

 
Fig. 1: Tajan river and its watershed. 

 

 In Table 1, statistical specifications and characteristics of data like minimum, maximum, mean, variance 

and skewness are separately given in testing and training stages [20]. As can be observed, the data in the testing 

part are almost the subset of the ones in the training part in terms of range; in other words, the data confronted 

by the network during the testing part are previously faced in the training part; thus, the network is not shocked 

in the testing part. In terms of statistical characteristics of the data, there is acceptable similarity between 

training and testing parts. 

 

ANN and SVM Techniques: 

 Artificial neural networks are the systems inspired by mass and interconnected structure of human brain and 

are able to learn through examples; considering this capability, they acquire necessary knowledge for 

encountering a phenomenon. These networks are a set of different models which are used by researchers as a 

rapid, powerful and stable method against input negligible disturbances [21]. Neural networks have found the 

widest application in solving three groups of problems: problems with no algorithmic solution, problems with 

very complicated algorithmic solutions and problems which are solved by humans more successfully than 

machines. Forecasting flow of rivers is a part of the second group of problems. ANN structure is such that 

neurons are arranged in the clusters, called layers. Conventional architecture of neural networks consists of three 

layers: input layer (data distribution in the network), hidden layer (data processing) and output layer (extraction 

of results for the given inputs). A network can consist of one or more hidden layers. Architectural design of 

neural networks is generally based on trial and error method, through which the optimal network is determined 

using different figures of hidden layers and related neurons. Finally, the key point in multi-objective methods 
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such as ANN is minimizing the number of neurons in hidden layer and at the same time maximizing precision of 

validation in the rest of data [22]. 

  
Table 1: Statistical Specifications and characteristics of data in testing and training stages. 

Testing Traninig Variable 
Variance Skewness Average Max Min Variance Skewness Average Max Min 

3.69 1.30 2.97 14.1 0.084 2.10 3.23 2.64 23.4 0.0182 Q(m3/s) 
4.22 4.12 0.81 16.37 0 8.14 4.45 1.15 33 0 P(mm) 
1.59 8.21 0.24 16 0 2.42 8.39 0.29 24.5 0 SWE(mm) 

13.15 -0.20 5.77 12.2 0 13.84 -0.10 5.39 12.3 0 ST(hr) 
9725.99 -0.35 753.78 880 541 196.84 10974.94 727.24 880 541 DT(min) 

4.37 0.92 3.15 16.8 0 3.27 0.85 2.80 10.1 0.1 Tab(mm) 

55.17 -0.52 16.59 28.5 -2 47.76 -0.17 16.00 29.75 -2.25 T(c) 

4763.53 0.12 142.69 226.03 0 2372.20 -0.93 144.91 209.40 0 Cprecip(mm) 

3588.80 1.09 49.36 226.03 0 3847.94 0.49 59.37 209.40 0 Maz-Cprecip(mm) 

 

 In this paper, a MultiLayer Perceptron (MLP) network, which is of feed-forward back-propagation network 

type, was used. Among the available neural networks, MLPs are the most applicable ones in modeling, 

particularly forecasting flow of rivers [23]. They are able to perform a nonlinear mapping with desirable 

precision by choosing suitable architectural and training method although these choices are not easy considering 

their dependence on different factors [24]. In order to train this network, Levenberg-Marquardt training method 

was used since it usually acts more rapidly than other methods [25, 26]. 

      The mathematical form of a three-layer feedforward ANN is given as: 
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 Where  Xi  is the i-th input variable for the input layer and Yk  is output variable at k-th neuron of  output 

layer  Bj and  Bk are the biases for  j-th hidden neuron and  k-th output neuron, Wji  and Wkj  are weights in the 

hidden and output layers, M and M
’
 are the number of the neurons in the input and hidden layers,  fh  and  f0  are 

the activation functions for the hidden and output layers, respectively. 

 SVM is a popular AI-based technique. In 1995, a Russian researcher, Vapnik, proposed the idea of Support 

Vector Machines (SVMs) based on statistical learning theory.  SVMs like the other artificial intelligence 

algorithms are based on data searching algorithms. The primary input space transforms into a higher 

dimensional feature space by means of a Kernel Function which enables to distinguish between data in the 

feature space. Support Vector Regression (SVR) is a kind of SVM which is applicable in the regression 

problems. SVR is developed to find a function in the high dimensional space, with the least deviation for the 

training data, while being as flat as possible. Input quantities are represented by Xi and the outputs by Yi. For a 

linear function, assuming K training data such as Ry,Rx),y,x(),...,y,x( n
kk11  , the function is represented by 

Equation (2): 

RbRxwbxwxf n  ,),(,).()(                                                                                                      (2)                                                                        

 Where X is the input vector, W is the vector's weight, and b refers to the amount of bias. In finding f(x) 

function, values should be obtained so that the least deviation  from Yi would be provided simultaneously. Also 

the model should select the appropriate amount of vector's weight. Maintaining theses conditions is attainable by 

solving the following optimization problem: 
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 Where  is the assumed deviation. Eventually, by introducing Lagrange multipliers i and i , and using a 

set of inequalities, the optimization problem can be simplified and solved by standard quadratic programming 

techniques, and the function f can be expressed explicitly with the following equation: 
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 The above linear equation will be solved by determining the Lagrange multipliers. Generalizing the 

problem from a linear space to a high dimensional non-linear space is possible using the Kernel function trick: 

bxxkbxf ii

k

i

i 


),()(),(
1

                                                                                                              (5) 

 Where ),( xxk i represents the Kernel function in above equation [27, 28].The LIBSVM 3.1 library is used to 

construct the best SVR model by setting the input parameters. This library is developed by Chang et al. [29]. 
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MATERIALS AND METHODS 

 

 Melting snow supplies main part of base flow of rivers that flow in snow-prone areas. Snow accumulation 

and melting plays an important role in river flooding. Therefore, Snow Water Equivalent (SWE) is the most 

commonly used variable in hydrologic forecasts in snow-prone areas. SWE is the height of water due to melting 

snow. In a general form, the amount of daily river flow is a function of daily rainfall, P, average of daily flow, 

Q, daily evaporation, TAB, snow water equivalent, SWE, day length, DT, and sunlight hours, ST, as presented by 

Equation (6): 

DT(t)}, ST(t)  SWE(t), T(t), Tab(t), 2),-t1,-tP(t,5),-t4,-t3,-t2,-t1,-t{Q(t, f = 1)+Q(t                   (6) 

 

 Where t represents the present time (day). Some of the used parameters in Equation (6) are negligible due to 

the zone climate characteristics. Through a sensitivity analysis, Equation (6) reduces to Equation (7) for the 

studied area: 

DT(t)}, ST(t) SWE(t), , P(t)1),-t{Q(t, f = 1)+Q(t                                                                           (7) 

 

It show that considering the Cumulative Precipitation (Cprecip) parameter can improve the performance of 

ANN based forecasts in Winnipeg, Canada [19]. Cprecip is defined as the accumulated rainfall from November 

First to April First that represents accumulated snow up to now. In order to include the Cprecip factor, a term is 

added to the Equation (7) as follow: 

}Cprecip(t) DT(t),, ST(t) SWE(t),  P(t), 1),-t{Q(t, f = 1)+Q(t                                                             (8) 

 

Cprecip parameter is designed for a specific zone and its governing atmosphere condition (Winnipeg, Canada). 

Unlike the Winnipeg, snows in Mazandaran Province, generally melting continues until late spring. Therefore, 

to localize the Cprecip factor in the studied area a modification is required. The chronological series of Cprecip 

and chronological series of Mazandaran cumulative precipitation are shown in Fig. 2. The modified Cprecip is 

denoted by MAZ-Cpercip and is defined as the daily cumulative precipitation from the first day of November in 

the studied area. In order to include the modified Cprecip for Mazandaran zone, the Cpercip(t) term in Equation 

(8) is replaced by MAZ-Cpercip: 

}Cprecip(t)-MAZ DT(t),, ST(t) SWE(t), P(t), 1),-t{Q(t, f = 1)+Q(t                                           (9) 

 

 

Fig. 2: Chronological series of Cprecip and modified Mazandaran chronological series for Tajan river. 

 

 Our approach in demonstrating the capability of SVM and ANN in DRF forecasting consists of two main 

parts: training the developed SVM and ANN using the training data and evaluating the trained models using the 

test data. 

 Scaling the data is the first step in applying the mentioned AI-based techniques. The used input data were 

scaled in the range of [-1,1] using the following equation: 

12*)( 
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 Where X is a typical input variable and Xi represents scaled or normalized data corresponding to X.  XMax 

and XMin represent the maximum and minimum value of the considered input series. In order to evaluate the 
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capabilities of the trained forecasting models, Coefficient of Determination (R
2
), Root Mean Square Error 

(RMSE), and Standard Deviation Error (SDE) are used as statistical parameters in this investigation: 
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 Where,  forci and obsi are the i -th forcasted and observed river  flow and N is the number of test 

observations. MAPE is the Mean Absolute Percentage Error. The average of forci is denoted by
iforc . 

 

RESULTS AND DISCUSSIONS 

 

 As mentioned before, AI-based techniques consist of training and testing phases. In this paper, 1500 

recorded data from December 20th, 2003 to January 28th, 2007 are used to train the forecasting models. 

Recorded data from January 29th, 2007 to September 20th, 2009 that includes 600 data are used as independent 

data set to evaluate the trained models.  Through a trial error process the best number of layer and training rule 

is selected. Comparing the developed models based on Equation (6 & 7) shows that the Cprecip has no 

significant impact on the accuracy of predictions. However, as expected, including MAZ-Cprecip leads to 

increase the accuracy of predictions. Different ANN and SVM models are developed to model all schemes 

defined by Equations (5, 6, 7 & 8). The results of applying the trained developed models are summarized in 

Table 2. The results show that though the SVM based model is slightly better than the ANN in DRF flow 

forecasts, but both trained models are reliable in forecasting the DRF of Tajan River. As an example, Fig. 3 and 

4 show the results of applying the trained models to the test points in the case represented by Equation (9).  

 
Table 2: The results of applying AI-based forecasting techniques to the test data using the proposed governing equations. 

Forecasting in the case 

represented by 

Used forecasting model R2 RMSE SDE 

Eq. (6) SVM 0.9185 0.4333 0.6002 

Eq. (6) ANN 0.9197 0.4441 0.6030 

Eq. (7) SVM 0.9316 0.4395 0.6088 

Eq. (7) ANN 0.9307 0.4493 0.6103 

Eq. (8) SVM 0.9346 0.4410 0.6105 

Eq. (8) ANN 0.9339 0.4510 0.6120 

Eq. (9) SVM 0.9430 0.4450 0.6162 

Eq. (9) ANN 0.9401 0.4542 0.6163 

 

       It is very valuable to know the relationship of each input parameter and the output in the model while 

modeling hydrologic processes [30]. Considering closeness of SVM and ANN responses, only artificial neural 

network was used for obtaining the effect of each input on the output level. The best network obtained for 

Equation (9): 

 

Y=f(x) = (W2 * tansig (W1*X+B1)+B2+1)*0.5 * (Ymax – Ymin) + Ymin                                    (14) 

 

Where the variables include Y output,   Ymax maximum  output, Ymin minimum input, W1 weight between input 

layer and hidden layer, B1 bias in hidden layer, W2   weight between hidden layer and output layer, B2 bias in 

output layer and X input  matrix (X= [X1 , X2 , X3 , X4 , X5 , X6 , X7]) and Tansig(n)=2/(1+exp(-2n)) – 1 in which 

normalized components of matrix X correspond to: X1= Q(t) ، X2= Q(t-1) ، X3= P(t) ، X4= SWE(t) ، X5= ST(t) ، 
X6= DT(t) ، X7= MAZ-Cprecip(t). 
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Fig. 3: The observed and forecasted DRF using the trained (a) ANN and (b) SVM for the case represented by 

Eq. (9). 

      

 
 

Fig. 4: Comparing the capabilities of the trained (a) ANN and (b) SVM for the case represented by Eq. (9). 
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 Equation (14) is the general formula of MLP network for input model of Relation 8 in this study and the 

optimal network was obtained for input model of Relation 8 by putting values in Equation (15). In order to find 

the clear relationship between each one of inputs and output (Qt+1), the two recent equations. were used. In this 

case, values of all inputs other than input parameter were considered constant, According to Table (3). the 

intended input parameter was changed in its range. Studying the resulted diagram revealed effect of changes of 

input parameter on the output parameter. 

 Fig. 5a shows diagram of effect of two inputs of Qt and Qt-1 in the logical range of variations from 1  to 

9  on the output parameter of Qt+1 and Fig. 5b shows diagram of effects of other input parameters in their 

changing range Table 1 on output of Qt+1. For better comparison of the effect of these parameters, variation 

ranges were normalized between 0 and 1. 
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Table 3: Fixed assemptionist amount of input parameters for finding the relationships between the input parameters and Qt+1 

MAZ-Cprecip(t) DT(t) ST(t) SWE(t) P(t) Q(t-1) Q(t) Input Parametr 
100 750 6 0.3 2 5 5 Value 

 
Fig. 5: The diagram of the effects of   a) Qt and Qt-1   b) Pt, SWEt, STt, DTt &MAZ-Cprecipt input parameters on 

Qt+1   

      

 By comparing curve slope of variations for input parameters, it is easily specified that the highest effect on 

value of Qt+1 was related to Qt, Qt-1 and Pt inputs in this order. The results that obtain from Figure (5a), as 

expected are conform to physics of the problem and this expectation comes from the suitable generdizability of 

the model. These results come below: 

 With the increase of flow level of Qt , value of Qt+1 also increased. 

 However, when Qt-1 increased, value of Qt+1 decreased. 

 For more clarification of this issue, flow variations of Qt-1 should be divided into two parts: 

 In the first part in which range of variations was less than 5  , value of Qt-1 was less than that of Qt, which 

indicated ascending trend of Qt+1. With the increase in the value of Qt-1, slope of this ascending trend was 

reduced and this led to the decrease in value of Qt+1. 

  In the second part in which range of variations was more than 5  , value of Qt-1 was above value of Qt, 

which indicated descending trend of flow in future. When value of Qt-1 increased, slope of this descending trend 

increased greatly, which led to the decrease in value of Qt+1. 

 By studying variations curve of other input parameters on Qt+1, it was found in Figure (5b) that value of 

Qt+1 increased with the increase of rain and snow fall; but, the model considered that rain had more effect on the 

flow level in this water basin. In fact, in a small part at the beginning of the range of rainfall variations, when 

rainfall increased, level of Qt+1 decreased. This unconventional event might be due to the interfering effect of 

other input parameters such as SWE with the effect of rain parameter, or even due to the mistake in proper 

generalization of the model from the problem's physics because of mistake in data. Of course, one cannot 

generally expect to find a completely correct relationship in the entire range of inputs variations for nonlinear 

models [31]. Input curve of ST (t) was descending, which can be related to the effect of the sun on the 

evaporation of surface waters. Input curve of DT (t) and MAZ-Cprecip(t) was ascending, which indicated the 

direct relationship between these inputs and rate of Qt+1 in Tajan river. 

 

Conclusion: 

 Considering the whole factors affecting the DRF requires a huge database of historical records of various 

hydrologic parameters. The difficulty lies in finding the proper combination of meteorological parameters  that 

have a considerable influence in DRF forecasts. The summarized results in Table 2 represent that in AI-based 

models, eliminating the low-impact parameters, besides decreasing the model complexity, can lead to more 

accurate results. Moreover, modifying the defined commonly used hydrologic parameters such as Cprecip in 

order to localize them for the studied zone improves the predictions accuracy. Thought the results show that the 

SVM-based forecasts are more reliable for the studied river, however, in general, since the accuracies of the 

ANNs and SVM based are very close, both are applicable in DRF forecasting. 

 After studying level and manner of effect of future flow on each one of the inputs, the optimal model 

obtained from artificial neural network specified that Qt, Qt-1 and Pt had the highest effect on Qt+1 in this basin; 

there was no independent effect of Qt-1 on Qt+1 but this effect depended on Qt value. The results showed that the 

obtained model had a proper understanding from other inputs and direct and reverse relationships were found 

between Pt, SWEt, DTt, and MAZ-Cprecipt and Qt+1 and between STt and Qt+1, respectively. These results were 

congruent with physics of the problem. As a result, one can say that the model not only reached acceptable 

results in forecasting river flow but also obtained proper understanding from physics of the relationship between 
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each one of the input parameters and Qt+1. This issue could reduce probability of calculation confusion of the 

model while encountering new data in the studied water basin. 
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