B16% oW
2008 4F 9 H

o R TR

Optics and Precision Engineering

Vol. 16 No. 9
Sep. 2008

XEHS 1004-924X(2008)09-1732-06

BAAR LLE HEKEAE ARSI PE N A

Digm. 200 % #
(ERAF AEBEARARZERFEHREALLZ,E K 400030)

W AW T Ak TR A 48U LLE 535 (SO-LLE) 3% 553 A UAE A 2l i 1 20 s 838 Lk A iz B30 4k Ty HL e A 4%
&R A T 4E A R B AR 4E 730 . xb SO-LLE S0 3647 1 18 40 049 3108 20, 9F B 2 Fh Bt 4R R 4T 1 0 B 52
K. 16 Yale Fl PIE AR %4 e i 07 EL 92 B 45 J £ W] . SO-LLE J7 i 0 F IR B RAR S T 5% ~40% A JOHR ™ T A M

P TERE o

X B OEABRRNABFI;AFEEEN; B AR MSH

S

3]

HEE.TP391.4 X EkHFRIRAD : A

An improved self-organized LLE algorithm for face recognition
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Chongqing University , Chongqing 400030, China)

Abstract: A self-organized Local Linear Embedding(SO-LLE) algorithm is proposed. This new algo-

rithm can not only determine the value of the nearest neighbor automatically and decrease the opera-

tion quantity, but also can gain a perfect approximation of face manifold. Theoretical analysis is given

in details and experiments are carried on some dataset to verify the effeteness of this method. The ex-

perimental results on Yale and PIE face databases show that the proposed algorithm can increase the

average recognition rate from 5% to 40% , which improves face recognition performance effectively.
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