2007 7

22 7
Vol.22 No.7 Control and Decision July 2007
: 1001-0920(2007) 07-0755-05
1 1 1,2
(1. , 710049; 2. , 450052)
SVM s SVM .SVM
_ SVM ,
, SVM
: TP391.4 A

Pre-selecting support vectors based on bisection grid
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Abgtract : In training a SYM , the solution of a quadratic programming (QP) problem constrains the SVM in large
scale problem. The decison fuction of SVM is determined by a subset of the training patterns, support vectors, which
lies closer to the classfication hyperplane. Motivated by reducing the training patterns, a grictbased agorithm is
proposed to pre-select a subset of patterns near the decison boundary. Smulation experiments show that BSgrid
eficiently extracts accurate boundary patterns without degrading the classfication ability of SYM and has good
adaptive capacity to pattern’ s density and outline.
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