1.MEBE

ARAGH=EA: 2ZEYS] R 34 A 31 A A 6 T(AM6)

k14 (o)
iy

4% 54 A%s $A5 2R
SVM 7|ut d=Z A5 A&H
(An SVM-based Face Verification System Using Multiple
Feature Combination and Similarity Space)

O].g-o

) B

ol o ™
(Jae-Yeon Lee)

25y +
(Ho-Sub Yoon)

2zd’
(Do-Hyung Kim)

2 % B =FdME UF 54 AFF FAE TTE ol8F AAAQ 28] 4F AF NzHe
FH3E WS AR 4F FAFAAY F2 AL O A2 B U9 Aok 0BT Wy
£ O9A A EAdne e HAHY) APk nEA A3 B oMY o3 WsE HEr] 9
A F3RAH EFJE] ARl asdith o FAHAAN e tF FHE B oz EX4
7k B4 & WS AP o8 SFEL Uiy 39 FAE FF WYPEE ¥4Y N2
intra-person/extra-person FAHE Fe.g AMIEI, HFFHOE Support Vector Machinedl 2js) 7}
Bk 4AFQ dEF Holehola2 AY A, equal error rate 00294 ARE YL, ol
B2 A4 S8AFANT $£3) F& Med FFolth

19E  OF FAE Y, A 2X, dF 54 FF, A= I AZE 98 5

TN e,

Abstract This paper proposes the method of implementation of practical online face verification
system based on multiple feature combination and a similarity space. The main issue in face
verification is to deal with the variability in appearance. It seems difficult to solve this issue by using
a single feature. Therefore, combination of mutually complementary features is necessary to cope with
various changes in appearance. From this point of view, we describe the feature extraction approaches
based on multiple principal component analysis and edge distribution. These features are projected on
a new intra-person/extra-person similarity space that consists of several simple similarity measures,
and are finally evaluated by a support vector machine. From the experiments on a realistic and large
database, an equal error rate of 0.029 is achieved, which is a sufficiently practical level for many
real-world applications.
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