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Abstract	

Simulation	of	runoff	 in	ungauged	catchments	has	always	been	a	challenging	 issue,	receiving	sig‐
nificant	attention	more	importantly	in	practical	applications.	This	study	aims	at	calibration	of	an	
Artificial	Neural	Network	(ANN)	model	which	is	capable	to	apply	in	an	ungauged	basin.	The	meth‐
odology	is	applied	to	two	sub‐catchments	located	in	the	Northern	East	of	Iran.	To	examine	the	ef‐
fect	of	physical	characteristics	of	the	catchment	on	the	capability	of	the	model	generalization,	it	is	
attempted	to	synthesize	effective	parameters	using	empirical	methods	of	runoff	estimation.	Firstly,	
the	model	was	designed	 for	a	pilot	sub‐catchment	and	the	statistical	comparison	between	simu‐
lated	runoff,	and	target	depicted	the	capability	of	ANN	to	accurately	estimate	runoff	over	a	catch‐
ment.	Then,	 the	calibrated	model	was	generalized	 to	another	sub‐catchment	assumed	as	an	un‐
gauged	basin	while	 there	are	runoff	data	 to	compare	 the	result.	The	result	showed	 that	 the	de‐
signed	model	is	relatively	capable	to	estimate	monthly	runoff	for	a	homogenous	ungauged	catch‐
ment.	The	method	presented	in	this	study	in	addition	to	adding	effective	spatial	parameters	in	si‐
mulation	runoff	and	calibration	of	model	by	using	empirical	methods	and	the	 integration	of	any	
useful	accessible	data,	examines	the	adaptability	of	model	to	an	ungauged	catchment.	
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1.	Introduction	

Uncertainty in hydrologic predictions makes it difficult to accurately estimate runoff which is a key factor in 
terms of catchment hydrology researches as well as practical management of water resources. Different types of 
the modern rainfall-runoff models which need complex parameters and data have been developed to provide re-
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liable results whereas the feasibility of these models has been almost always concerned with ungauged or 
scarcely gauged catchments. Hence, application of data-driven techniques such as data mining and computa-
tional intelligence to describe dynamics and nonlinear process of rainfall-runoff has become the subject of in-
creasing attention. Accordingly, Artificial Neural Network (ANN) has been widely applied as an efficient tech-
nique which is capable to capture the nonlinearity of rainfall-runoff process and represent the complexity of 
converting rainfall to runoff process over a catchment. So far, extensive researches have been done to examine 
the efficient performance of ANN models in simulation and prediction of stream flow. The efficiency of artifi-
cial neural network and multivariate regression was compared in prioritizing climate factors affecting runoff 
generation and concluded that multi-layer perceptron artificial neural network models are more accurate than 
multivariate regression models  [1]. ANN approach was also employed for modelling rainfall-runoff due to ty-
phoon in Taiwan  [2]. It is interesting to note that the rainfall-runoff was simulated using ANN Coupled with 
Singular Spectrum Analysis  [3]. Moreover, several ANN algorithms have been compared and generated separate 
ANN models for each season  [4], concluding that ANNs are promising tools not only in accurate modeling of 
complex processes but also in providing insight from the learned relationship, which would assist the modeler in 
understanding of the process under investigation as well as in evaluation of the model  [5]. Some other studies 
have been done to examine the capability of ANNs with improving input data and under different situations of 
basins. As a case in point, it is attempted to train artificial neural networks using information-rich segments in 
long-time series  [6] or consider a periodicity component (month enumerator) as an input to the ANN models to 
predict monthly stream flow  [7]. In addition, a few researchers have looked to train ANNs on one basin and 
make predictions in another  [7]  [8] which can be considered as an appropriate technique to simulate runoff in 
data scarce catchments; hence the predictive results can be improved by forecasting at the sub-catchment rather 
than the entire catchment scale (due to spatial variation of rainfall)  [9]. The American Society of Civil Engineers 
(ASCE) Task Committee has summarized applications of ANN for the solution of different hydrologic issues 
 [10]. In the present study, two sub-catchments were considered where the methodology was applied, one as a 
pilot catchment and the other as an assumed unguaged catchment. The ANN model trained and calibrated in the 
pilot basin is applied to estimate the runoff over the assumed unguaged catchment. The details of the method 
used in the study and the results are briefly described.  

2.	Materials	and	Methods	

2.1.	Study	Area	

The model was applied in two sub-catchments of Samalghan River located in the East North region of Iran 
where the boundaries can be given by longitudes from 37˚24'39'' to 37˚29'07'' east and latitudes 56˚59'60'' to 
56˚37'46'' north. The river is a tributary of Atrak River which flows into the Caspian Sea. Two sub catchments 
were delineated based Digital Elevation Model (DEM) in GIS software (Figure 1). The sub-catchments bounda-
ries were defined by the location of the hydrometric stations installed in the lowest point of study area and 
physical characteristic of catchments, which play a significant role in formation of runoff, were calculated 
(Table 1). There are two rain gages and a climate station in the study area which provided monthly rainfall and  
 
Table 1. Physical characteristics of the pilot and ungauged catchments.                                                

Physical Characteristics Pilot Catchment Ungauged Catchment 

Area (km2) 118 175 

Perimeter (m) 48 58 

The Maximum Height (m) 2455 2500 

The Minimum Height (m) 1028 955 

The Average Height (m) 1824 1773 

Main River Length (m) 21 22 

The Main River Gradient 5 5.3 

Compactness Coefficienta 1.3 1.2 

a
Calculated by 

0.5
0.28 ,

P
CC

A
  where P is the perimeter of the basin and A is the area  [11]. 
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temperature data series which span the period of 35 years from 1978 to 2013. Rivers in the study area are fed by 
spring discharge and individual rain events. There are also two hydrometric stations which provide monthly ru-
noff data in the mentioned period (Figure 2). Data time series were standardized prior to apply by subtracting  

 

 

Figure 1. Location of delineated catchments of the study area.                                                   
 

 

 
(a)                                                        (b) 

Figure 2. The hydrometric stations in the outlet of (a) pilot and (b) unguaged catchment                               
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the mean and dividing by the standard deviation. As mentioned above, one specific basin was considered as the 
pilot basin where the model was trained and calibrated and the other one regarded as an assumed ungauged cat-
chment where the calibrated model applied to estimate runoff and the result compared with the observed data. 

2.2.	Artificial	Neural	Network	Structure	

The most commonly used ANN structure in hydrological applications is the feed-forward multilayer perceptron 
(MLP) (Figure 3). It consists of three layers; an input layer, a hidden layer, and an output layer. Neurons of each 
layer are connected to the neurons of the next layer by weights. Optimal values of these connection weights are 
obtained in training stage. The MLP is usually trained using the error back propagation algorithm, in which the 
inputs are presented to the network and the outputs obtained from the network are compared with the real output 
values (target values) of the system under investigation in order to compute error and then the computed error is 
back-propagated through the network and the connection weights are updated  [5]  [12]- [15]. In order to provide 
adequate training, network efficiency was evaluated during the training and validation stages, as suggested by 
Rajurkar et al.  [9]. In this case, if the calculated errors of both stages keep decreasing, the training period is in-
creased. This is continued to the point of the training stage error starting to decrease while the validation stage 
error starting to increase. At this point, training is stopped to avoid overtraining and optimal weights and biases 
are determined  [9]  [16]. 

It is interesting to note that, in ANN simulation coupled with Levernberg-Marquardt training algorithm and 
hyperbolic tangent transfer functions, the appropriate choice of data set for training and testing stages is the most 
sensitive issue bringing about an efficient model which is capable to estimate monthly runoff in different sea-
sons. In the present study, the standardized data series for two catchments are categorized into three data subsets, 
60% of the entire data series for training set, the 20% of the data is considered as cross-validation set and the 20% 
of remaining data is used for testing set, considered based on the MATLAB tutorial. 

2.3.	Physiographic	Characteristics	

The most important controller feature in forming of surface runoff over a catchment is the physiographic char-
acteristics including slope, main waterway length, soil type and vegetation cover which can be regarded as the 
spatial parameters. To improve the capability of the model generalization, it is attempted to make a connection 
between the spatial parameters and temporal rainfall events in form of synthetic input variables of ANN. 
  This is investigated by using empirical methods of runoff estimation which consider some spatial parameters 
and connect them with the average rainfall. Empirical models include relationships and equations which have 
been determined using analysis of limited data and the region characteristics, and the models are used to esti-
mate some special probabilistic parameters. Most of these methods are useful for a special zone so, it is not pos-
sible to use them for other areas. But, some of these methods have more expanded domain and can be used for 
some same regions by applying some corrections and choosing proper coefficients  [17]. In this study, im-  
 

 

Figure 3. Structure of feed-forward Multilayer Perceptron (MLP).                                                 
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portant conventional equations were evaluated in regional conditions of the study area and the results were com- 
pared with observations runoff hence four methods that provide the most acceptable results in the study area 
were selected as the major equations, employing to synthesize the input data of ANN model as spatial-temporal 
variables. These equations are presented in the following: 

Khosla proposed Equation (1) to calculate runoff using temperature and rainfall parameters  [18]. 

3.74

T
R P                                           (1) 

Lacy presented Equation (2) for estimating annual runoff based on reviews in several catchments  [19]. 

 
2
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                                         (2-1) 

Justin investigated extensively on the relationships between annual rainfall and runoff in many catchments 
with different climatic conditions and presented their results as Equation (3)  [20]. 

304.8
1

P
R

F

P Z


   
 

                                      (3) 

The Irrigation Department of India presented following equation between average rainfall and river runoff 
 [21]. 

0.861.17R P P                                        (4) 

All variables in above equations are defined as the following: 
P: average rainfall (cm); R: the corresponding runoff; T: average air temperature; A: catchment area (km); ΔH: 

maximum elevation difference of catchment; F: rainfall duration parameter; Z: coefficient for vegetation. 
In the pilot catchment, in fact, the input factor of ANN model is the monthly runoff calculated based on the 

equations mentioned above in a period of 35 years and the output target is also monthly runoff values recorded 
by the hydrometric station at the outlet of Darkesh sub-catchment (Table 2). 
 
Table 2. Description of input and output variables.                                                               

ANN Variables (monthly runoff) 

Variable Description 

Input Variable 1 (Vi1) Runoff calculated based on Equation (1) 

Input Variable 2 (Vi2) Runoff calculated based on Equation (2) 

Input Variable 3 (Vi3) Runoff calculated based on Equation (3) 

Input Variable 4 (Vi4) Runoff calculated based on Equation (4) 

Output Variable (Vo) Runoff recorded in the outlet of basin 

3.	Discussion	

The accuracy of ANN model performance is commonly evaluated with some efficiency terms. Each term is es-
timated from the predicted values of the model and the observed targets as follows: 

1) The correlation coefficient (R-value) has been widely used to evaluate the goodness-of-fit of hydrologic 
and hydrodynamic models. This is obtained by performing a linear regression between the ANN-predicted val-
ues and the targets and is computed by Equation (4). 
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where R is correlation coefficient, N is the number of samples, i it T T  , i iP P P  , ,i iT P  are the target 
and predicted values for 1, ,i N   and, are the mean values of the target and predicted data set, respectively. 

The correlation coefficient provides a direct measure of the ability of a model to reproduce the recorded flows 
with R = 1.0 indicating that all the estimated flows are the same as the recorded flows  [22]. 

2) The ability of the ANN-predicted values to match observed data is also evaluated by the Mean Square Er-
ror (MSE) defined as Equation (5)  [23]. 

 2

1MSE

N

i ii
T P

N



                                      (5) 

The ANN responses are more precise if R, MSE are found to be close to 1, 0, respectively. In the present 
study, R and MSE, which demonstrate the performance efficiencies of each trial, have been recorded and com-
pared to attain the more accurate results. The results of the three-layer feed-forward MLP model with synthe-
sized input vectors for the pilot (Darkesh) catchment is shown in Figures 4-6. The comparison of calculated ru-
noff by ANN model and the observed runoff (for stages of training, validation and testing) is also shown in 
Figures 7-9. 
 

 

Figure 4. Observed versus simulated runoff for the Training 
stage.                                                       

 

 

Figure 5. Observed versus simulated runoff for the Validation 
stage.                                                
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Figure 6. Observed versus simulated runoff for the 
Testing stage.                                     

 

 

Figure 7. Simulated and observed runoff at Training period.   
 

 

Figure 8. Simulated and observed runoff at Validation period. 
 

 

Figure 9. Simulated and observed runoff at Testing period. 
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Regression between the network result and the recorded monthly runoff in the pilot basin presents an appropri-
ately satisfactory correlation between the observed runoff data and simulated ones. The results are quite ac- 
ceptable and represent the satisfactory performance of the ANN model for the first catchment that means the 
model was successfully designed. Visual comparison of the estimated monthly runoff with actual values con-
vince that the model capable to simulate the natural regime of stream. 

Application	of	Calibrated	Model	in	an	Ungauged	Catchment	

The goodness-of-fit measures point out a satisfactory robustness for the ANN model over the first catchment. 
This ability of the ANN which in fact can be trained by available effective data and estimate monthly runoff 
opens new opportunities to dealing with the ungauged catchment issues. In the last part of the study, with regard 
to the capability and efficiency of the ANN model to simulate the monthly runoff in DARKESH sub-catchment 
as the pilot study area, the important step is to apply the calibrated model to the SHIRABAD sub-catchment re-
garded as an ungauged basin. In order to apply the method, similar to the pilot catchment, the rain data and the 
physical characteristics of SHIRABAD basin were synthesized by empirical equations and entered to the cali-
brated model based on pilot catchment’s dataset and run the model. 

The correlation parameter and the regression equation between the result of model and the observed runoff on 
SHIRABAD catchment (the observed runoff data are only used for assessment of result since the catchment is 
regarded as a ungauged catchment in terms of runoff data) is presented in the Figure 10 and a comparison of the 
estimated monthly runoff (in the period of 35 years) with actual values of recorded stream flow is also shown in 
Figure 11. As it can be seen, in some data sets, there are particular months with large differences between esti-
mated and recorded runoff that have a dramatic effect on the coefficient of correlation. These differences dem-
onstrate that the calibrated model is unable to estimate the particular extreme flood events which are immensely 
dependent on rainfall intensity, though the general regime of stream flow is quite recognized by the ANN model. 
 

 

Figure 10. Recorded monthly runoff versus simulated mon- 
thly runoff over the ungauged catchment.                  

 

 

Figure 11. Recorded monthly runoff versus simulated monthly runoff over 
the ungauged catchment.                                            
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4.	Conclusion	

The procedure outlined in the study in addition to examining the capability of a MLP structure of ANN model, 
analyzed the effectiveness of synthesizing input vectors (using empirical methods) to simulate rainfall-runoff 
process on a catchment. The result indicates that if the effective parameters are entered to the model as the syn-
thesized vectors, network learning process can be accelerated and improved so that the model becomes more capa-
ble to identify system and provide the more accurate result in face of new data. This ability is of great impor-
tance in generalization of model in an ungauged basin where there are no runoff data to training and validating 
the network. The result of this study represents the efficiency of ANN network in rainfall-runoff modeling, provid-
ing the accurate result in a pilot basin. In addition, in terms of application of model in an ungauged catchmenteven 
if the accuracy of results in comparison to the pilot catchment was declined, calibration of a model with appro-
priate cover of accessible climatic and spatial data which can be employed in adjacent and homogenous catch-
ments would be an asset to estimate runoff in the absence of hydrological stations by considering the model es-
timating error. 
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