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Uncertainty data processing by fuzzy support vector
machine with fuzzy similarity measure and fuzzy mapping

WANG Yufan ', LIANG Gonggian, YANG Jing
(School of Management, Northwestern Polytechnical University, Xi'an Shaanxi 710072, China)

Abstract: In order to improve the processing ability for uncertainty data using the traditional Fuzzy Support Vector
Machine (FSVM), FSVM with fuzzy similarity measure and high dimensional space fuzzy mapping was proposed. Firstly, by
using Gregson similarity measure, the fuzzy similarity measure function was established, which was effective to explain the
uncertainty information. And then, using the theory of mapping and Mercer, fuzzy similarity kernel learning was formulated
and used in the algorithm of the FSVM. Finally, this algorithm was used to the modeling of the material removal rate in the
rotary ultrasonic machining with uncertainty data. Compared to the results using traditional FSVM methods, the current
approach can better process uncertainty data with less operation steps. And the proposed method has higher accuracy in
processing uncertainty data with lower computational complexity.
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