28 % 3 woRn 5 WoR Vol. 28.No. 3
2013 4E 6 /] Chinese Journal of Liquid Crystals and Displays Jun. ,2013

MEHRS.1007-2780(2013)03-0440-06
B2DPCA f1 ELM A J iR 5 & VL 5T

ZRY . HHEE

(FFPHPE T 22Be PS5 B TR0, mMH 473004, E-mail:lidingzhen136@163. com)

WOE: MR R AT B2DPCA R A 4k 32 % 43 40 1) Al ELM Gl i 2% 29 B0 19 ARG 1831 53
T SR AR a0 7 A 43 i NS PTG R — Tl B 1 B8 A R L 3 3 B2DPCA Az b R ) 45 A1 4R Sk YNl 25k A ik
ELM 432528 42 m UK B . 00 K S5, HR 0 S0 0 45 M 5 B AF B R 2F 47 H 4, 45 SR 3R ] B2DPCA + ELM
A O R T U 2 T R AR T X DR B B RO . R R A R AR R AR AR R Tl B o T &
Jr A 4 6 R IO B TRIDRG BE AN Ar 2R |

% 8 W ARIRDN 0Um AR B AT s W 2 2T L R AR 5 TR o A 2

hE 4SS TP391. 4 XEkARIRAD: A DOI. 10.3788/YJYXS20132803. 0440

Face Recognition Algorithm Based on B2DPCA and ELM

LI Ding-zhen,GUOQO Jian-chang
(Institute of Electronics and Electrical Engineering s Nanyang Institute of Technology ,

Nanyang 473004, China, E-mail :lidingzhenl136 @163. com)

Abstract; A new human face recognition algorithm was proposed based on B2DPCA (bidirec-
tional two dimensional principal component analysis) and ELM (extreme learning machine).
This method was based on curvelet image decomposition of human faces and an improved di-
mensionality reduction technique. Discriminative feature sets were generated by using
B2DPCA to train and test ELLM classifier. The recognition accuracy can be improved by using
this method. Extensive experiments were performed by using databases and results were
compared with state of the existing techniques. The results showed recognition accuracy and
minimal dependence on the number of prototypes were significantly improved by using
B2DPCA and ELM algorithm. The local characteristics and global information based on cur-
velet decomposition are expected to apply to the recognition accuracy and speed of classifica-
tion in the future.

Key words: human face recognition; B2DPCA; extreme learning machine; dimensionality
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Fig. 1 Extreme learning machine classifier structure
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algorithm
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Table 1 Average recognition rate of ORL and GTech

face database

ORL # 4 & GTech B 2
B %y
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LAD¥: ELM# LAD¥  ELMi
5 79.11 93. 99 71.12 89.15
10 89.17 99. 55 88. 31 93.52
15 94,19 98. 18 90. 32 97. 45
20 98. 32 98.76 95. 63 97.12
25 97.51 98.57 96. 33 96. 82
30 97.52 99. 92 94. 66 97.01
35 98. 41 99. 07 96. 02 97. 42
40 96. 68 99. 27 96. 12 97.71
45 97.43 99. 74 94, 25 97. 87
50 97.51 99. 84 93. 24 97.98
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Fig.3 Average recognition rate of different proportion prototype number
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