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Abgtract : A nonrstationary time series prediction method using the wavelet anaysis and AR-L SSVM is proposed. By
wavelet decomposition and reconstruction, the non-stationary time series are decomposed into a low frequency sgnal
and severa high frequency signals. The high frequency sgnal s are predicted with auto-regresson models, and the low
frequency ispredicted with least square support vector machines. The prediction result of the origina time seriesisthe
superimposition of the respective prediction. This new method avoids the over-fitted for high frequency signals, and
adequately fits the low signal of the non-stationary time series, o better predicting performance can be obtained.
Experiments show the efectiveness of the predicting method.
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