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Abstract: Based on the phase ace reconstruction theory and the statistical learning theory, multi-step predictions
of chaotic time series are presented The optmal enbedding dmension and delay time are obtained with the
differential entropy ratio method In the reconstructed phase gace, the multi-step predicting model of chaotic time
series is established w ith the least squares support vector machines (L SSYM model) and compared w ith the radial
basis function network predicting model (RBF model). The results show that the proposed models can capture the
dynamicsof the cheotic systens The nomalized root mean square error of theL SSYM model isfar less than that of
the RBF model
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