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A Mult- SVR Based Fuzzy Modeling Method for Non-Stationary Time Series

LIN Shir kuan, ZHI Li-jia, ZHANG Shao min, QIAO Jiarr zhong, WANG Guo ren, YU Ge
( College  Information Sdence and Engineering, Northeastern University , Shenyang, Liaoning 110004, China )

Abstract: A new approach for modeling norm stationary time series was introduced i this paper. Combine the fuzzy segmerr
tation which was proposed by Janos Abonyi with Support Vector Machines( SVMs) . Firgly, a modified Support Vector Regression
(SVR) was proposed; Secondly, fuzzy segment information was combined with SVR by heuristic weighting method; Thirdly, we

discussed a model based on multt SVR. Experimental results show that the method proposed in this paper has great practical values
for norr stationary time series modeling.
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