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Abstract Fisher linear discriminant analysis(LDA ), a well-known feature extraction method, searches for the projection
axes on which the data samples from different classes are far from each other while requiring data samples of the same class
to be close to each other. Large margin classifier(LMC) , also referred as linear support vector machine, de finds a project
direction onto which two classes of the samples projected reach maximal margin. With combination of advantages of both
LDA and LMC, the paper develops a novel linear projection classfication algorithm, called Fisher large margin linear

st

classifier. The underlying idea is that an optimal discrimiant vector w*™ is found along which the samples of high
dimensional input space are projected such that the margin is maximized while within-class scatter is kept as small as
possible. In addition, relations to other classifiers are explored in theory in this paper. Finally, the proposed method is
tested on ORL face database and FERET face database. The experimental results show that the proposed classifier
outperforms other linear classifiers.

Keywords large margin classifier ( LMC ), support vector machines ( SVM ), Fisher linear discriminant analysis,

face recognition
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resolutions using several classifiers

BANKBERFEFHFET HIRHE(%)
112x92 56 x46 28x23 14x12 7x6
e [B BE 4 e 2% 95.5 95.5 95.5 945  82.5
FRHE SVMs 97.0  97.0 97.0 96.0  85.5
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Fisherfaces 86.0 85.5 84.5 82.0 82.0

7n=0.05 96.5 96.5 96.0 95.5 85.0

7n=0.10 96.5 96.5 96.5 96.0 85.0
FLMC

e n=1.00 95.5 95.5 95.5 95.0 83.0

n=10.0 95.0 95.0 95.0 94.0 82.0

7n =100 94.0 94.0 94.0 94.0 81.0
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A4 R0 ER R E (% )

LRHS
Fisherfaces LMC SVMs FLMC
1 56.10 61.00 62.60 62.20
2 64.75 70.75 74.50 73.75
3 65.25 73.25 77.00 75.65
4 55.50 60.50 63.40 62.85
5 63.25 68.25 69.90 68.55
6 53.90 59.80 62.90 61.10
7 65.85 73.25 75.10 73.95
8 63.65 69.10 73.15 71.25
9 59.35 65. 85 67.95 66.30
10 65.00 71.70 75.40 72.45
¥if?§fll$ 61.26 67.35 70.19 68. 81
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