2005 12 LASER TECHNOLOGY Decen ber 2005

29 6 Vol 29, Na 6

1001- 3806( 2005) 06- 0662 05

RM FA-ICA

N TN I L2
MNEF S, wEE KA
(1 , 610065 2 , 610054)
: ICA s ( restrictive mean field approxin aton, RMFA)
ICA MFA- ICA s ICA
) ) ORL ,
RM FA- CA ICA MFA-ICA , ,
RM FA-ICA , ORI , , RM FA-ICA ICA
MFA- ICA
TP391 41 i A

Face recognition using independent component analysis based
on restricted mean field approxin ation
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Abstract Based onmean field approxim ation a nev method & proposed to solve noisy ICA mode)] which can fairly well
solve over-can plete case and estinate the ndependent source by restrict the non-negative m xing matrix and the non-negative
sources The experin ents have been done for several different cases such as digital mages s ulated face graph s and ORL face
database The dgital mages and smulated face graphics experments show the extractbn features by the RMFA-ICA are more
independent than that of using traditon ICA restrictive MFA- ICA, the ORL face recogniton experments show the
recognitbn rato by the proposed method & greate that ofusing the othersm ethods
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Fig 1 The features of script digial mages
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Fig 2 The feaures of smukltion face graphics
a—orignal mage b— theextraction featureshy PCA  ¢— the extraction features by trad itonal ICA  d— the extraction featuresby references [5] e— the ex

traction features by the proposed m ethod
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Fig 3 TheORL fice recogniton
a— the recognition process b— the recognition resuls by the differen tmethods
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