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Abgtract : A kernd , denoted as Gauss Cos, is presented based on considering the smilarity of the sample vectors,
which isproved as a class of localy stationary kernd. The global and local structuresof the samples are described. S
the proposed kernel can map the samplesinto desrable feature space with more information. Finaly , it is applied to
the modeling and prediction of Logistic chaotic time series and gas f urnace data set based on support vector regression
(SVR) method. The smulation results indicate that the proposed method can effectively improve the prediction
precison, which is not at the price of increasng the algorithmic complexity.
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