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Wavelet-neural network model based complex hydrological

time series prediction

ZHU Yue-long, LI Shi-jin, FAN Qing-song, WAN Ding-sheng
(School of Computer & Information Engineering, Hohai University, Nanjing 210098, China)

Abstract: Time series prediction is one of the main research topics in time series analysis, which is of great importance
both in theoretical and application aspects. To improve the performance of the wavelet-neural network model on a com-
plex time series, a novel multi-factor prediction model was proposed. According to the adaptability of different wavelet
functions to hydrological time series, a new criterion for the selection of different wavelet functions was also put for-
ward, which was based on weighted correlation coefficients. Finally, the newly proposed method was tested on predic-
ting the daily flow of Wangjiaba Station, which is a very important observation site on Huaihe River. It was found that
the chosen Haar wavelet and B3 spline wavelet can produce higher prediction accuracy, which validates the effectiveness
of the selecting principle of wavelet function. Compared with the traditional wavelet neural network for single time se-
ries, at least 10% improvement was observed for different predicting periods, and 15% improvement in forecasting the
high flow direction during the disastrous flood period. All the experimental results showed that the proposed multi-factor
prediction model is effective for complex hydrological time series prediction.
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Fig.1 Forecasting model of river wavelet network
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Table 1 Properties of several commonly used wavelets
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Table 3 Wavelet function and its low-pass filter
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Table 4 Weighted correlation coefficient of wavelet
decomposition
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Table 5 Comparison of Haar and B3 spline wavelet over
different forecast periods on the test set
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Table 6 Comparison of WNN and RWNN on the test set with
different forecast periods
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Vosu  0.7442 0.8605 0.5930 0.6279 0.4767 0.6279
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