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A Variant of Improved Robust Fuzzy PCA
Seong Hoon Kim”,  Gyeongyong Heo ™, Young Woon Woo ™

ot
2F

kO

TR FHPCAR A F49 B4 FE5 98] gl A8Ee 7T 29 shuelAw 2k 279 AMgo =
&l ol w7kt ©do] glek o]t g WS JfAdsy] sl thdst Hhgo] AUNET 1 5 improved
robust fuzzy PCARRF-PCA2)E HA] £&45E o|&¢h WA 3] 7Hoz o Wl s 948 A5-S
B4} SRR RF-PCA2 9] 35421 HAs o md 4= glor] 11 U T shl= RF-PCA2 gag]E5o] &4
TE 7Y% tog 27|3pA)7)7] wioltk B3 HX| ALEE AN AN R3] EHGT) Al 0F &
280l 7135k Qltke ARdE I Q9le] "t} o] =EdlME RF-PCA29] o]#d EA13HS 7|43 RF-PCA3
£ A Agtehe ¢aE]ES RF-PCA29] 57 & ulg o= 3l )itk 7)o PCAS] 53 35 F
VBl 7] 25T HE HolEe] EX2RE ALglo gz A HHed] 7l dE S & e e e =
AFEh olEfst ARIEL AY AHE Tl ER1E &tk

> Keyword : 82 24, &5 Uy, =5 25

Abstract

Principal component analysis (PCA) is a well-known method for dimensionality reduction and
feature extraction. Although PCA has been applied in many areas successfully, it is sensitive to
outliers due to the use of sum-square-error. Several variants of PCA have been proposed to resolve
the noise sensitivity and, among the varants, improved Ttobust fuzzy PCA (RF-PCA2)
demonstrated promising results. RF-PCAZ, however, still can fall into a local optimum due to
equal initial membership values for all data points. Another reason comes from the fact that
RF-PCA2 is based on sum-square-error although fuzzy memberships are incorporated. In this
paper, a varant of RF-PCA2 called RF-PCA3 is proposed. The proposed algorithm is based on the
objective function of RF-PCA2. RF-PCA3 augments RF-PCA2 with the objective function of PCA
and initial membership calculation using data distribution, which make RF-PCA3 to have more
chance to converge on a better solution than that of RF-PCA2. RF-PCA3 outperforms RF-PCA2,
which is demonstrated by experimental results.
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