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Support Vector Discriminant Analyss and Its Application to
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Dimension reduction of data is usually an important preprocessing step in pattern recognition. PCA and Fisher’ s
LDA and their kernelized versions are widely used approaches for dimension reduction. But they have limitations when used for
small sample training because of their Gaussian distribution assumption. This paper propase an agorithm for dimension reduction
called support vector discriminant analysis (SVDA) ,which first looks for the optimal separating hyperplane by SVM algorithm and
then project data in the corresponding norma direction. In multiclass cases,the agorithm has many choices for selecting projecting
axis. The agorithm has the intrinsic nice generdlization ability of SVM. The paper applies the algorithm to the feature extraction in
facia expression recognition gpplication and compares the results to other agorithms such as PCA ,LDA , KPCA and GDA. The re-

sults show the effectiveness of the proposed a gorithm.
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KNN1 KNN3 | OAASYM | OAOSYM | BSVM2
[12,13] PCA (7) 78.57% | 72.14% | 77.14% | 80.00% | 77.86 %
' KPCA (7) 80.00% | 76.43% | 50.00% | 46.43 % | 52.14 %

S/DA ' LDA(7) 81.43% | 74.20% | 76.43% | 77.14% | 75.71 %
SVDA . DA (6) 88.57% | 88.57% | 91.43% | 89.20% | 91.43%
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' KPCA(21) | 81.43% | 80.00% | 72.86% | 77.14% | 82.14%
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IAFFE 10 KPCA(70) | 83.57% | 82.14% | 93.57% | 92.86% | 92.86 %

LDA(70) 85.71% | 79.29% | 93.57% | 93.57% | 92.14%
10 o SVDA (70) 93.57% | 91.43% | 93.57% | 93.57% | 92.14%
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