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Abstract: A new fusing facial feature recognition algorithm based on kernel Canonical Correlation Analysis ( Kernel
CCA) was proposed , for mapping image data into feature space and improving classifying accuracy. In our approach,
we first map the image data through kernel function,then extract feature from the directions of rows and columns. Our
algorithm simplifies the computation without decomposing the mapped matrix and gains the more discriminated fea-
tures. The experiment results on OTCBVS V/IR face database of Ohio state university show that our algorithm gets
better performance than other facial recognition method based on CCA with recognition accuracytate more than 90% .
In addition, it also can get the excellent results with the illumination and expression variance.
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Fig. 1 leave-one-out cross validation diagram
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Fig.2 balage’s thermal/visible face image with two expressions
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Fig.3 priya’s thermal/visible face image with two illuminations
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Fig.4  the recognition accuracy using PCA + CCA
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Tab.1 Comparison of recognition Accuracy using KCCA and 2DCCA
FHIE 450 1 2 3 4 5 6 7 8 9 10 AR e
2DCCA
PR 10 7 8 9 7 6 3 4 4 4
3 1 3 1 3 1 1 2 2 3 a8
KCCA 4 8 6 8 4 4 3 5 3 2 fe%1 16
T REA SR 3 5 7 3 6 5 5 4 4 5 885 256
9 5 6 5 5 5 4 4 5 3 X EY]

# 2 KCCA 5 2DCCA % %

(R AT By 48 2040 Bt B (R IR A % 66)

Tab.2 The Comparison of recognition Accuracy using KCCA and 2DCCA under illumination variance

Dimensionality 1 2 3 4 5 6 7 8 9 10 1% B
KCCA 22 44 40 37 22 13 10 7 7 4 FROER

A KL 5 12 18 16 20 14 13 6 4 4 pediinavl
2DCCA 15 12 20 18 18 18 15 10 7 6
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Tab.3 The Comparison of recognition Accuracy using KCCA and 2DCCA under expression variance
Dimensionality 1 2 3 4 5 6 7 8 9 10 A4k AR
KCCA 11 9 8 8 8 8 7 6 7 5 R IEY)
RS 4 0 1 0 0 0 0 0 0 0 B EE BB
2DCCA 13 5 9 9 9 9 8 8 8 8
KCCA 9 5 4 4 1 3 2 2 2 1 SR TEY)
BT REAKR 5 0 0 0 0 0 0 0 0 0 e SHIG R
2DCCA 9 7 5 5 3 3 3 3 3 3
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