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Abstract AdaBoost and Support Vector Machines (SVM) are popular in the field of object recognization. Classi-
fication performance of these classifiers is sensitive to the feature set. In order to improve classification performance,
in addition to choosing between the classification, we have to pay attention to which subset of features to employ in
the classifier. To solve this problem, a method of evaluating feature set using a margin of decision boundary from
SVM classifier has been proposed. However, the margin of SVM sometimes will be large caused by outliers. In
this paper, we propose a method of feature selection using contribution ratio based on boosting. We show that the
contribution ratio is effective for evaluating features. Comparing to the conventional method by confident margin,
the proposed method can select better feature set using the contribution ratio obtained by boosting.
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Algorithm The Adaboost algorithm

1. Input: n, Training dataset (x;,y;)

2. Initialize: w1 (i) =1/n(i=1---n), ho(x) =0

3. Dofort=1,...,T. e(h)=73"01(y; F h(we;))ws (i)
(a) et(hg)) = minec(h)
(b) ag = %ln( 1:&5:;(;))))
(€) wi1(3) = we(3) exp(—athyy (xi)yi))
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Algorithm The feature contribution evaluating algorithm

1. Input: feature set f = [f1, f2, .., fnl,
T
trained AdaBoost classifier Hp(x) = Z athi(x)
t=1
2. Initialize: CR = [CR1,CR2,...CR,] =0
3. Doforp=1,...,n.
CRp =3[ 1 o - 6 [F(he), f]
4. Output: Feature contribution rate CR,

Contribution rate of feature p : CR,
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Algorithm The feature selection algorithm

1. Input: n, Training dataset (x;,y;)
Initialize: Subset of surviving features s = [1,2, ..., n]
Do for Until s is empty
(a) Train AdaBoost classifier
with all the training exsamples
(b) Compute Contribution Rate CR1,CRa, ...
(c) find the worst feature

’ CR,

worst = argmin(CR;)
(d) Remove the worst feature ¢ that minimam CR;
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