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Tab.1 Incremental leaming results of Balance data set

pliE W IR iRl HEEE BI{E A ez 0y ERE

ik A AP A /A r AN B}/ (%)

10 10 15 25 7.5 92.04

HEE L EE 200 427 20 10 C 30 27 4.9 . 92.27
: 50 50 30 31 4.1 83.14

FRAESVM 200 427 - - - 33 6.0 82.90
50 50 30 62 8.8 92.05

P o 300 327 100 50 50 47 9.4 92.66
: 30 30 60 36 4.7 92.35

FRAE SVM 300 327 - - - 77 16.9 92.05

%2 Westontoynonliner # iR BRF S ER
Tab.2 Incremental leamning results of Westontoynonliner data set

I Pk AR wme EERE B{E X HEM pllERing EMHE
Hk A% A4 P X4 /A r B [Bl/s (%)
100 100 500 84 57.7 96.78

BB L ek 1000 5000 100 10 500 84 285.4 96.94
100 10 600 85 190.3 96. 68

R SVM 1000 5000 - - - 83 706. 8 97.10
100 50 600 173 470.3 96. 68

JEESHAEEE 2000 5000 100 100 500 174 387.1 96. 60
, 500 500 500 174 258.5 96. 66

A SYM 2000 5000 - - - 175 4581.7 96.94
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An Incremental Training Algorithm of SVM Based on the Distance Ratio

XU Hai - long, WANG Xiao ~ dan,SHI Zhao ~ hui, HUA JI — xue,Quan Wen
( Missile Institute, Air Force Engineering University, Sanyuan 713800, Shaanxi, China)

Abstract: Due to the good learning and generalization performance, the SVM ( support vector machine) has been
widely used in practice. But, how to make the SVM more effectively perform incremental learning is a problem that
needs to be solved in the present application of the SVM. The distribution characteristics of Support vectors are
studied and a novel improved incremental SVM learning algorithm - distance ratio algorithm is proposed. According
to the removing rules of the proposed method, an appropriate parameter is set and samples that have less effect on
later training are abandoned. Accordiﬁg to the definition in distance ratio algorithm, the ratio between the center
distance of each sample and the distance of each to the optimum classification surface is calculated. In this way,
the training data sets can be effectively reduced. Experiment on standard data sets shows that by using this method
the classification accuracy can be guaranteed and the training speed can be effectively improved.

Key words ; Support Vector Machine; Incremental Training; Removing Method; Margin vector; Distance Ratio Al-
_gorithm



