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Subspaces Discriminant Analysis Based Kernel Trick for
Human Face Recognition
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Abstract  Linear discriminant analysis based on Fisher criterion is one of effective methods for feature extraction and it

was successfully utilized for face recognition. But face image data distribution in practice is highly complex because of

illumination facial expression and pose variations. So it is necessary to extract nonlinear features for face recognition. A

novel method called subspace discriminant analysis based on kernel trick is presented in this paper. In the new approach

the kernel trick is used firstly to project the original samples into an implicit space called feature space by nonlinear kernel

mapping then two equivalent models based on generalized Fisher criterion have established by the Theory of Reproducing

Kernel in the feature space and the optimal discriminant vectors are solved finally by using the technique of orthogonal

complementary space. The proposed algorithm was tested and evaluated on the ORL face database and the NUST603 face

database which can reach recognition rate shuch as 94% and 99. 58% respectively. The experimental results show that

the novel method outperforms both KPCA in 8 9 and Kernel fisherfaces in 13 and is comparable with the method in

14 in terms of correct recognition rate.
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Tab.1 Comparison of the experimental results on both ORL and NUST 603 human face databases
for some different discriminant methods
KPCA Fisherfaces
d=0.5 21 76 28 38 10 57 11 42
d=1 18 89 23 39 11 39 11 39
d=1.5 21 69 21 38 12 37 12 39
ORL d=2 23 44 19 38 12 41 12 40
d=2.5 24 41 22 39 15 51 14 48
d=3 24 69 28 39 17 48 15 59
d=4 25 84 36 38 17 46 15 50
d=0.5 27 144 93 95 5 114 6 94
d=1 33 91 14 50 5 104 6 98
d=1.5 45 106 14 82 4 107 4 100
NUST603 d=2 58 260 13 94 3 112 2 100
d=2.5 75 108 9 83 3 111 2 95
d=3 80 125 13 88 3 103 4 82
d=4 95 148 8 95 5 114 7 45
21 76
14
KPCA Kernel Fisherfaces 14 I
ORL NUST603
s NUST603
2 EX Y
X'Y+1° Matlab 99. 58% 99. 38%
Pentium R 4 CPU 2.80GHZ 2.79GHZ
256 MP ORL
2 Pentium R 4
14 NUST603 CPU 2.80GHZ 2. 79GHZ 256 MP
14 15
Fisherfaces KPCA
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Tab. 2 Comparison of the experimental results for KPCA kernel fisherfaces kernel combination and

kernel subspace on both ORL and NUST 603 human face databases respectively

KPCA Fisherfaces
44 38 41 40
23 19 12 12
ORL %o 88.5 90.5 94 94
s 67.34 61.34 77.22 128.23
s 0.09 0.09 0.09 0.48
s 67.44 61.44 77.31 128.72
260 94 112 100
58 13 3 2
NUST603 % 87.92 97.29 99.38 99.58
s 91.91 94.17 114.27 913.87
s 1 0.64 1.36 1.94
s 92.91 94.81 115.62 915.81
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