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Abstract

This paper proposes a face recognition technique that effectively combines fixed graph matching

(FGM) 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 methcds, 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 EGM, the proposed approach could obtain
satisfactory results in the perspectives of recognition speeds. Especially, we could get higher
average recognition rate of 90.1% than the conventional methods by hold-out method for the
experiments with the Yale Face Databases and Olivetti Research Laboratory (ORL) Databases.
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Table 1. The Databases Used.

Database Subject Variation Total
ORL 20 10 200
Yale 15 10 150
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Table 3. The experimental results for ORL database.

ﬂﬁi;}%‘% PCA Fisherface EGM  [FGM + PCA Fiiel\ff;ce
1, 2, 3 WA 92.0% 93.6% 82.1% 30.0% 80.7%

3 4,5 A 94.3% B.7% 89.3% 90.7% 93.6%

5, 6, 7 WA 92.9% 94.3% 87.9% 92.1% 94.3%
7,8 9 WA N0.7% 90.0% 87.1% 83.6% 90.7%

1, 9, 10914 92.0% 93.6% 82.9% 82.1% 87.1%
B A E 924% 93.4% 85.9% 86.7% 89.3%
(4] &%) (03B o[v)|0.25& ov)| (% 473%) | 6% W) | (62 O]LHLJ

E:3 4. Yale tg} vle]e{#jo] 2o gt A3 Ast
Table 4. The experimental results for Yale database.

Q%‘j;;% PCA. | Fisherface | EGM  |FGM + PCA Fﬁ\fﬁ;
12,344 | 8l9% 93.3% 91.4% 895% 94.3%
3,458 | 2% 86.7% 943% 86.7% 9439%
5674 | 829% 87.6% 93.3% 86.7% 93.3%
7,8 9 WA | 724% 77.1% 93.3% 81.0% 87.6%
1,9 1084 | 705% 72.4% 905% 5.2% 84.8%
A7 VIE | 166% 83.2% R.6% 836% 90.99%
(4] £%) (0252 ©1)|(0.15% o]v)| (2F 3592) | (6 o) | (6 o)
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