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2. SVM(Support Vector Machine)
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Fig.2 | Fig.3
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Normal Margin | 0.233 | 0.308
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Subset of surviving features s = [1,2,---,n]

2.repeat
for all surviving features
(a)do Train the SVM classifier with all the training
examples without ith feature.
(b)do compute C'M
/*CM is the Confident Margin
without ith feature.*/
(c)Find the worst feature
worst=argmaz (C]W(i))
(d)Remove the feature that maximizes C' M
[1,---,worst-1,worst+1,- - -,n]
3.until s is empty
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Fig.4 SBS-CM algorithm
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Abstract The aim of this study is to develop a feature subset selection method based on the concept
of margin in SVM. The problem of this approach is that the margin of SVM does not always provide clear
relationship between its value and the SVM’s performance. The subset obtained by the selection algorithm
does not correspond to the best performance subset. In this paper, we describe a new solution by intro-
ducing Confident Margin as the feature selection criterion. The experimental results show the possibility

to achieve a result closer to the best recognition rate by monitoring the peak of CM curve.

Key words SVM, Margin, Feature Selection, SBS, Confident Margin



