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Pre-extracting Algorithm of Support Vector
Based on Search Mechanism Density Clustering

YE Fei, LUO Jing-qing

(Department of Information, PLA Electronic Engineering Institute, Hefei 230037)

Abstract Support Vector Machine(SVM) presents excellent performance to solve the problems with small sample, nonlinear and the problems of
high-dimension pattern recognition, but the process of selecting support vector is quite complicated. Therefore a density clustering algorithm based
on search is put forward. Through a sample search strategy the algorithm can cluster the object that its density is over certain threshold to one class,
and the application of it to pre-extracting support vector can reduce the number of training samples and improve the training speed of SVM. From
the simulation experiments, it can be found that through pre-extracting support vector based on search density clustering algorithm, the number of
training sample can reduce 2/3, and the training speed can quicken 12 times for linear separable data and quicken 5 times for nonlinear separable

data.
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