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Introduction

River flow prediction is one of the most important key issues in the management and planning of
water resources, in particular the adoption of proper decisions in the event of floods and the
occurrence of droughts. In order to predict the flow rate of rivers, various approaches have been
introduced in hydrology, in which intelligent models are the most important ones. The application of
artificial neural networks (ANNS) to various aspects of hydrological modeling has undergone much
investigation in recent years. This interest has been motivated by the complex nature of hydrological
systems and the ability of ANNs to model non-linear relationships. ANNs are essentially semi-
parametric regression estimators and well suited for hydrological modeling, as they can approximate
virtually any (measurable) function up to an arbitrary degree of accuracy (Hornik et al., 1989). A
significant advantage of the ANN approach in system modeling is that one need not have a well-
defined process for algorithmically converting an input to an output.

Materials and Methods

In this study, daily data from Badavar watershed in Lorestan Province was used to evaluate the
accuracy of models in river flow prediction. Wavelet neural network and artificial neural network
were used to model the daily flow of Badavar River and the results were compared with each other
for the accuracy of the studied models. In a few studies, each of the models presented in the
prediction of daily flow has been studied, but the purpose of this study is to simultaneously examine
these models in a basin to predict the daily flow of the river. In this research, the Badavar River in
Lorestan Province was selected as the study area and the daily flow of observations of this basin was
used at Badavar hydrometric station to calibrate and validate the models. For this purpose, at first
80% of the daily flow data (2002-2010) was selected for calibration of the models and 20% of the
data (2010-2012) were used to validate the models. For this purpose, precipitation different time
daily rate at daily scale as input and flood peak discharge as output parameters were selected. The
criteria of the correlation coefficient, root mean square error, and of mean absolute error were used to
evaluate and compare the performance of models.

Wavenet, called wavelet-based neural network, combined with wavelet theory and neural
networks have been created. It also has the support of the benefits and features of neural networks
and charm, flexibility, and strong mathematical foundations and analysis of multi-scale wavelet. A
combination of wavelet theory with neural network concepts with the creation of wavelet neural
network and feedforward neural shock can be a good alternative for estimating approximate
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nonlinear functions. Feedforward neural network with the sigmoid activation function is in the
hidden layer. While at the nerve shocked wavelet, wavelet functions as activation function of hidden
layer feedforward networks are considered in both of these networks, and scale wavelet
transformation parameters are optimized with their weight.

Artificial neural networks inspired by the brain's information processing systems were designed
and emerged to help the learning process, and with the use of processors called neurons are used to
understand the inherent relationships in data mapping between input space and optimal space.
Hidden layer or layers, the information received from the input layer and output layer, are the
processing and disposal. Based on the artificial neural network structure, its major features are high
processing speed, the ability to learn the pattern, the ability to extend the model after learning,
flexibility against unwanted errors, and no disruption to an error on the part of the connection due to
weight distribution network. The first practical application of synthetic networks with the
introduction of the multilayer perceptron network was consultants. for training this network,
backpropagation algorithm is used. The basis of this algorithm is based on error correction learning
rule that consists of two main routes, which by adjusting the parameters in the MLP model error
signal and input signal occurs. Determining the number of layers and neurons is the most important
issue in a simulation with an artificial neural network.

Results

The results showed that both models have better results in structures of 1 to 5 daily times than the
other specified structures. In addition, according to the evaluation criteria, it was found that between
the models used, the wavelet neural network model has the highest accuracy of R = 0.920, the lowest
root mean square error of RMSE=0.005m3/s, and the lowest absolute error value of MAE=0.003m3/s
at the verification stage.

Conclusions

The results showed that an increase in the number of effective parameters in different models for
simulations results in better performance in the discharge estimation. In addition, the results showed
that the wavelet neural network model has a better performance than the artificial neural network.
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Table 1- Interpretation between input and output parameters
P(t) P(t-1) P(t-2) P(t-3) P(t-4)
Q(t) 0.400 0.320 0.250 0.100 0.100

(P (gl A § S g0 (s 4 S S (53959 S sl LSte ST T Jou
Table 2- Selected Combinations of Input Parameters of Wavelet Neural Network Models and
Avrtificial Neural Network

Number Input Output
1 P(t) Q(t)
2 P(t),P(t-1) Q)
3 P(t),P(t-1),P(t-2) Q)
4 P(t),P(t-1),P(t-2),P(t-3) Q)
5 P(t),P(t-1),P(t-2),P(t-3),P(t-4)  Q(t)

(G (MAE AL § g0 mas 40D S Juw 50 oolawld ya0 (S gl sl cdgue -1 Jeus
Table 3- Range of parameters used in wavelet network and artificial neural network models
Parameter Minimum Mean Maximum Standard deviation Skidding
P(t),mm 0 1.618  77.500 8.804 5.614

Q(t), m3/s 0.038 1.958  50.200 2.792 7.419
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Table 4- Optimal stimulus structure and functions in modeling of wavelet neural networks and
statistical indices in training and verification phases.

Number Training Testing
Structure Function R? RMSE MAE R* RMSE  MAE
(m*/s) (m¥s)  (m¥s) (m¥s)  (m’fs)
1 1-5-1 Mexican hat 0.837 0.031 0.015 0.821 0.031 0.017
2 2-7-1 Mexican hat 0.856 0.023 0.011 0.847 0.020 0.012
3 3-4-1 Mexican hat 0.870 0.012 0.006 0.864 0.015 0.009
4 4-6-1 Mexican hat 0.901 0.007 0.004 0.882 0.009 0.005
5 5-8-1 Mexican hat 0.941 0.003 0.002 0.920 0.005 0.003
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Figure 4- Graph of calculated and observational values relative to the time of the wavelet neural
.network model for the training and verification stage data
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Table 5- Optimal structure and functions in artificial neural networks modeling and statistical
indices in educational and verification phases.

Number Training Testing
Structure Function R’ RMSE MAE R’ RMSE MAE
(m®fs) (m®fs) m¥s)  (m%s)  (ms)
1 1-7-1 hyperbolic tangent 0.821 0.033 0.016 0.817 0.034 0.017
2 2-6-1 hyperbolic tangent 0.848 0.024 0.013 0.836 0.025 0.012
3 3-8-1 hyperbolic tangent 0.867 0.015 0.007 0.853 0.018 0.009
4 4-9-1 hyperbolic tangent 0.890 0.008 0.005 0.875 0.011 0.005
5 5-5-1 hyperbolic tangent 0.910 0.005 0.003 0.890 0.006 0.003
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Figure 5- Graph of calculated and observational values relative to the time of artificial neural
network model for the data of the training stage and verification
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Table 6 - Final results of training and verification of wavelet neural network and artificial neural
network models

2 m3/s)

Model Training Testing
R2 RMSE R2 RMSE MAE
(m*/s) (m*fs) (m*/s)
Wavelet Neural network  0.941  0.003 0.920 0.005 0.003
Artificial Neural 0.910  0.005 0.890 0.006 0.003
Network
7
6
5
a4

Fig 6- Distribution and observational diagrams - Calculations of optimal values of wavelet neural
network model and artificial neural network for recorded data. Training and verification stage.
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