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Abstract : When faced with hydrological time series data with randomness and inconsistency , such as flow,etc. ,the prediction accuracy of
traditional single model is not satisfactory ,and the optimization of single model cannot completely overcome its limitations. Therefore, we
present a hydrological time series prediction model based on WNN-SVM combination. First of all,the hydrological time series data are
normalized by means, and then the wavelet decomposition is performed on the pretreatment hydrological time series and the low —
dimensional time series is transformed to high — dimensional by phase space reconstruction. According to the characteristics of
decomposition, the scaling sequence is modeled and predicted by support vector machine (SVM) ,and the wavelet transform sequence is
modeled and predicted by wavelet neural network ( WNN) ,and the predicted value of the original sequence is obtained after the wavelet

reconstruction of the predicted result. The experiment of 43 996 data of hourly flow in Tunxi basin from 1980 to 2007 indicates that the

prediction accuracy of the model is higher than that of a single model, which proves the validity of the model.
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