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Feature Selection Using Confident Margin for SVM
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2. SVM (Support Vector Machine)
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Table 1 Comparison between Confident Margin and
Normal Margin.

Fig.2 | Fig.3
Confident Margin | 0.364 | 0.266
Normal Margin | 0.233 | 0.308

1.Initialize:
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 CM®
/*CM® is the Confident Margin
without ith feature.*/
(c)Find the worst feature
worst=argmaz (CM®)
(d)Remove the feature that maximizes CM
[1,-- -, worst-1,worst+1, - -,n]
3.until s is empty

04 sBs-CcMOOOOOO
Fig.4 SBS-CM algorithm.
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