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Abstract

This paper proposes a face recognition technique that
effectively combines elastic graph matching (EGM) and
Fisherface algorithm. EGM as one of dynamic link
architecture uses not only face-shape but also the gray
information of image, and Fisherface algorithm as a class
specific method is robust about variations such as lighting
direction and facial expression. In the proposed face
recognition adopting the above two methods, the linear
projection per node of an image graph reduces
dimensionality of labeled graph vector and provides a
feature space to be used effectively for the classification.
In comparison with a conventional method, the proposed
approach could obtain satisfactory results in the
perspectives of recognition rates and speeds. Especially, we
could get maximum recognition rate of 99.3% by
leaving-one-out method for the experiments with the Yale
Face Databases.
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29 2 Yale W¥ dlo]eiulo]=s] o

¥ 1 Leaving-one-out Wlel o9& 43 A

ctor
: Recognition method | Recognition rate | Recognition speed
I PCA 79.3% Within 0.5 sec.
) - Fisherface 99.3% Within 0.5 see.
Matchmg algorithm EGM 99.3% Approx. 2624 sec.
R FGM + PCA 88.7% Within 6 sec.
g FGM + Fisherface 99.3% W@in 6 sec.
— — EGM +PCA 88.0% Within 892 sec.
EGM + Fisherface 90.0% Within 1118 sec.
291 ALse 42 ¢ gxEF
& 2 Hold-out gl 9% 29 25
Images used in training | PCA | Fisherface | EGM | FGM+PCA| o Sxf;c EGM +PCA Fﬁfﬁ;e
1, 2, 3" images 81.9% 93.3% 91.4% 89.5% 94.3% 87.6% 93.9%
3, 4, 5t images 75.2% 85.7% 94.3% 85.7% 94.3% 88.6% 88.6%
5, 6, 7 images 82.9% 87.6% 93.3% 86.7% 93.3% 87.6% 90.5%
7, 8, Ot images 72.4% 77.1% 93.3% 81.0% 87.6% 85.7% 83.8%
1, 9, 10® images 70.5% 72.4% 90.5% 75.2% 84.8% 78.1% 80.0%
Recognition rate (Ave.) | 76.6% 83.2% 92.6% 83.6% 90.9% 85.5% 87.2%
Recognition speed Within Within Approx. Within Within Within Within
0.25 sec. | 0.25 sec. | 359 sec. 5 sce. 3 sec. 235 sec. 270 sec.
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