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(Improving SVM Classification by Constructing Ensemble)
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£ 2 Support Vector Machine(SVM)-& o]g&xto g £& Uulsl 43S Ho|xvh AAZoz 7§
H SVM2 ol&3sl Aol ulxlx] £gd 3 & olge AT, F1H3e 52 EREE Q3 A8 &
naEeg FEEr] gioltt B =ES SVMY BEFASS YAF)7) 93l Bagging(Bootstrap
aggregating)#® Boosting& o83 SVM 8 Fxo] FAEL AR SVM il shpolA
Bagging2 ztzte] SVME] gspulolehe A dolgl HgelA Yooz dF FZF=n, Boostinge
SVM EF719 o#e d#d FEE¥o uif ggdHolElE F&2%th gEUAE nxd osd
(Majority voting), #4453 H(LSELeast Square estimation), 294 A%& SVMTY 71 7470
o] SVMEY £9 {Eo] =0 IRIS &7, @A AR, d2/mgd £/ 2 o8 4%
£ A5 AgE SVM FE9 EF4vel @Y SVMED Hojdg& RoFErh

719 : SVM, SVM 448, 4294, IRIS dHelet 7, H7A w2114

Abstract A support vector machine (SVM) is supposed to provide a good generalization
performance, but the actual performance of a actually implemented SVM is often far from the
theoretically expected level. This is largely because the implementation is based on an approximated
algorithm, due to the high complexity of time and space. To improve this limitation, we propose
ensemble of SVMs by using Bagging (bootstrap aggregating) and Boosting. By a Bagging stage each
individual SVM is trained independently using randomly chosen training samples via a bootstrap
technique. By a Boosting stage an individual SVM is trained by choosing training samples according
to their probability distribution. The probability distribution is updated by the error of independent
classifiers, and the process is iterated. After the training stage, they are aggregated to make a
collective decision in several ways, such as majority voting, the LSE(least squares estimation)-based
weighting, and double layer hierarchical combining. The simulation results for IRIS data classification,
the hand-written digit recognition and Face detection show that the proposed SVM ensembles greatly
outperforms a single SVM in terms of classification accuracy.

Key words : SVM, SVM ensemble, Face detection, IRIS data classification, the hand-written digit
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Input : a set S of m labeled examples :
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