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ABSTRACT

The information-theoretic approach to face recognition is based on the compact coding where face images are
decomposed into a small set of basis images. A popular method for the compact coding may be the principal
component analysis (PCA) which eigenface methods are based on. PCA based methods exploit only second-order
statistical structure of the data, so higher-order statistical dependencies among pixels are not considered. Factorial
coding is known as one primary principal for efficient information representation and is closely related to
redundancy reduction and independent component analysis (ICA). The factorial code representation exploits
high-order statistical structure of the data that contains important information and is expected to give more
efficient information representation, compared to eigenface methods. In this paper we employ the factorial code
representation in the reduced feature space found by the PCA and show that the factorial code representation
outperforms the eigenface method in the task of face recognition. The high performance of the proposed method
is confirmed by simulations.
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19941 24 : AAthaka
AFel st 2t

1996'3 29 : A chat
ZASre et} Aja)

20001 24 : AT
AFelea vpal

20001 39 ~#A : 9l RIKEN 74 74l
ST Eop ASE, s ARolg, o
24, AR

# & Zl(Seungjin CHOL) A3}

19873 2% : A]-2ofigl
Fjeher A7l et
T}

19891 24 : AM-ge¥fw kel
A7) e At

19963 84 : |- Notre Dame
Univ. @] Fehaa],

1997'd 84 : ¢ & RIEKN d74 A4

1997 89~2001d 24 R ew 7 )AA)-gs}

e Falp

19973 129 ~3A] : Y RIBKN 74 234 79

2000 29~ : 3T WFeITA} =

priss

<F3¥4]  #ol>  Probabilistic/Statistical Leaming,

Neural Computation, Pattern Recogni-
tion, Brain Computer Interface, Bioin-
formatics.
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