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ABSTRACT 
Conceptual models are considered to be the best choice for describing the hydrological and/or hydraulic process in a 
river. However, enormous requirements for topographic, hydrologic and meteorological data and extensive time 
commitment for calibration of conceptual models are often prohibitive factors in their practical applications. Artificial 
neural networks (ANN) can be an efficient way of modeling the runoff process in situations where explicit knowledge of 
the internal processes is not available. An ANN is a flexible mathematical structure that is capable of identifying complex 
nonlinear relationships between input and output data sets. This paper presents the use of ANN for predicting the 
floodplain values. The ANN generated results are evaluated using error functions. For five scenarios the correlation 
coefficients are 76%, 62%, 67%, 57% and 45%, respectively.  
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INTRODUCTION 
A reasonable prediction of hydrological parameters not only provides useful information for management 
of water resources, but also reduces losses to life and property caused by related events. Floodplain 
prediction has been an active area of research in surface water hydrology and will remain so in the 
foreseeable future because of the uncertainties associated with both the meteorological and hydrological 
parameters causing flood events. Predicted factor is also vital for the economic analysis of flood 
management alternatives. With increasing population and economic activity in floodplains and along 
major rivers the importance of accurate prediction is increasing. Several techniques have been developed 
ranging from empirical or statistical relationships to detailed mathematical models. While empirical or 
statistical relationships can provide magnitude and frequency of floods, they are not capable of 
generating a factor with complete information [1,2]. 
Though frequency analysis of past flood peaks can provide information on the risk, it is limited by its lack 
of consideration of the forcing factors producing floods. Mathematical models, based on the consideration 
of physical processes, have been divided into two categories in the literature, i.e. conceptual models, or 
black box models. Conceptual models, based on characteristics of model parameter and variables, can be 
further divided into two categories, i.e. distributed and lumped models. Both distributed and lumped 
models are designed to approximate the general processes and physical mechanisms, which govern the 
hydrologic cycle. In terms of data requirement, simple black box models and highly sophisticated 
distributed conceptual models fall on two extreme ends of a spectrum, while lumped conceptual models 
with moderate data requirement are somewhere in the middle. Due to the realistic representation of 
watershed topography and ability to capture surface and ground water interaction, the most desirable 
method to predict runoff hydrograph is a distributed conceptual dynamic hydrologic model [2-4]. 
However, extensive topographic, meteorological, and hydrologic data required to describe such process 
and time needed to calibrate conceptual models (especially distributed models) are important factors to 
be considered in their practical applications [5].  
Implementation and calibration of conceptual models (especially distributed models) can typically 
present various difficulties, requiring sophisticated mathematical modeling tools, significant amount of 
calibration data, and some degree of expertise and experience with the model [6]. 
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While conceptual models are of importance in the understanding of hydrologic processes, there are many 
practical situations, such as runoff prediction, where the main concern is with making accurate 
predictions at specific locations along a river. In such a situation, a hydrologist may prefer not to expend 
the time and effort to develop and implement a conceptual model and instead may choose to implement a 
simpler black box model. In the black box approach, difference/differential equation models are used to 
identify a direct mapping between the inputs and outputs without detailed consideration of the internal 
structure of the physical processes. The linear time series models, such as ARMAX (auto-regressive 
moving average with exogenous inputs) model have been most commonly used in such situations 
because they are relatively easy to develop and implement. ARMAX type model has been found to provide 
satisfactory predictions in many applications where input–output characteristics are approximately 
linear, e.g. forecasting water level or discharge at a point along the river based on a water level or 
discharge value at some location upstream of that point. However, such models do not attempt to 
represent the nonlinear dynamics inherent in the transformation of snow/rainfall to runoff and therefore 
may not always perform well. Based on the success of ANN in the field of water resources, and working 
with an assumption that simplest model that can satisfactorily describe the system for the given input 
data should be used, artificial neural networks (ANN), belonging to the class of black box models, are 
explored in this paper for the development of runoff hydrograph. This paper outlines a general 
framework for developing a runoff hydrograph using artificial neural network approach [7-12]. While 
such a model is not intended as a substitute for a conceptual model, it can provide a viable alternative 
when the hydrologic application requires that an accurate forecast of stream flow behavior be provided 
using only the available time series data, and with relatively moderate conceptual understanding of the 
hydrologic dynamics of the particular watershed under investigation [12-17].  
 
MATERIAL AND METHOD 
The general structure of artificial neural network is inspired from human neural system and is capable of 
performing an approximately same mission but in preliminary stages. These systems process the available 
data, to transfer and also maintain the hidden laws. Therefore they are usually known as intelligent 
systems. Perceptron neural network is a multiple forward network which includes an input layer, one or 
some hidden layers and an output layer. Input nodes percepts the information from outside and the 
results are measured from neurons of output layer. The forward network provides a response in a forward 
direction from input information. In other words it has no feedback. Besides, the joints of this network is 
complete i.e. each neuron in each layer is connected to all of the next layer neurons. Error functions which 
are used for evaluating the performance of the models are expressed by the followings (Eq. 1-3): 
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Where O is the observed parameter, O is the average of observed parameters, P is the model predicted 
parameter and N is the number of data. Different scenarios are also prepared which is summarized in 
table 1. Not to mention that y and w stands for the depth and width of the research respectively. 
 

Table 1. Different scenarios used in the research 
Scenario No. input output 

1 Y and w floodplain 
2 (y/w)*1000 floodplain 
3 y floodplain 
4 w floodplain 
5 1.15y and 1.15w floodplain 

RESULTS AND DISCUSSION 
A feed forward artificial neural network with back-propagation algorithm is used to estimate the 
floodplain of the river. 
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Based on the available historic data on flood events, five causal parameters, which play an important role 
in flood generation, have been identified.  
These five meteorological parameters that also have physical base are used as input to the neural 
network model. 
The network has been trained to predict eight output parameters that are used to describe a complete 
runoff hydrograph. ANN model has been trained using historic data and verified on a different data set 
never seen by the network. The proposed approach is implemented for the Karkheh River. The neuro-
computing approach for developing runoff hydrograph is presented along with details on input and 
output parameters of neural network model. The paper finally concludes with a discussion of results. The 
results are obvious in figure 1 and 2 while the statistical evaluation is presented in table 2. 
 
 

 
 

Figure 1- the comparison of flood plain values in the first scenario 
 

 
Figure 2- the comparison of flood plain values in the fifth scenario 

 
 

Table 2- the evaluation of different ANN scenarios 
Scenario No. MAE  RMSE  RE  

1  0.33  0.46  0.13  

2  0.47  1.25  0.25  
3  0.38  1.15  0.21  
4  0.53  1.47  0.35  
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CONCLUSION 
This paper presented the use of ANN for predicting the floodplain values. The results were evaluated. For 
five scenarios the correlation coefficients were 76%, 62%, 67%, 57% and 45%, respectively. This 
approach for estimating a flood hydrograph is almost appropriate and can be applied to other locations in 
the Karkheh River basin or to other rivers having similar flood characteristics.  
Transferring the model to any other location in the River will require training the network for output 
parameters at that location, while using same input parameters. For watersheds that are similar in 
characteristics (e.g. runoff, topography), same architecture of ANN, in terms of input and output 
parameters, can be used, but data is watershed specific. There are simulation scenarios, in addition to 
what has been demonstrated in this study that can be tested using the existing framework. Training the 
model in reverse, i.e. using output parameters as input, a scenario of hydrologic and meteorological 
conditions can be identified that may lead to a catastrophic flood. 
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