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gEoklA FQ3A AMSEH T otk 0ja(1982,1989,1992)= HEA HAF 7y
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Egol g Ao 28A1717] A (Hwang et.al(1994)) 28] 1 FAE B2 517) 954
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"4 a8 m s el 5o HAFE FEEokA 23 AFLH T QT FAR 2L 9%
WHOoZE 7€ FAAA Wy Bt oble}, FAA S (Projection Pursuit)3 @ A7
(Neural Networks)350] Qlth £ =8 AR T o] &5t0] ZHRS ot w9
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@ w; (1) (FAR AR LAY -AA AT AAE

x,(£) : A BEA A
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2.2 Xu & Yuille8] EM2E F4 5 2] vy
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2.3 Devlin et.al.g FAE &4 vy
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Al g#o] Ao AFE AFF = Devlin et.al(1981)#% Li & Chen(1985)0] A}&3F =2
PRt & 644 47HA RE(AFEE, Q¥ UFEE, oA u|g AT, AR
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p=|f 0
1o p

I 095 030 1 ~0.499 -0.499
@ A=1095 1 010}, P, =|-0.499 1 -0.499 1.

0.30 0.10 1 -0.499 -0.499 1

A 1 A= diag(2.029,1.499,1.499,0.943,0.028,0.002)
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TX: 7}) Normal: NOR[0 ,P]
1) Symmetric contaminated normal: SCN[0 ,P] with .9NOR [0 ,P1+.1NOR[0 ,P]
o) Elliptical t—distribution on 5 degrees of freedom : E7°[0,P])
2}) Asymmetric contaminated normal: ACN [y ,P]
with .9NOR [0 ,P1+.1NOR [y .P] where 4 =.537a,
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On Robust Principal Component using Analysis Neural Networks

Sangmin Kim3, Kwangsik Oh¢ and Heejoo Park’

Abstract Principal component analysis(PCA) is an essential technique for data compression
and feature extraction, and has been widely used in statistical data analysis, communication
theory, pattern recognition, and image processing. Oja(1992) found that a linear neuron with
constrained Hebbian learning rule can extract the principal component by using stochastic
gradient ascent method.

In practice real data often contain some outliers. These outliers will significantly deteriorate
the performances of the PCA algorithms. In order to make PCA robust, Xu & Yuille(1995)
applied statistical physics to the problem of robust principal component analysis(RPCA).
Devlin et.al(1981) obtained principal components by using techniques such as M-estimation.

The propose of this paper is to investigate from the statistical point of view how Xu &
Yuille's(1995) RPCA works under the same simulation condition as in Devlin et.al(1981).

Keywords: Hebbian rule, Neural Networks, Robust Principal Component Analysis.
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