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A Variant of Improved Robust Fuzzy PCA
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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 variant 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.

» Keyword : Principal Component Analysis, Noise Sensitivity, Locally Optimal Solution

MR ZAME WAXNA  RH2

< E720 1 2010, 09. 14, AlAFY : 2010, 10. 21, AIZKHEA L : 2010. 11. 09.

« ZEstn AFE AR H (Division of Computer Information, Kyungpook National Univ.) wx Fo|Uigtal v
tJo]AlE](Visual Media Center, Dong-Eui Univ.) wex FOU S HEW| T o] F &I (Dept. of Multimedia Eng.,
Dong-Eui Univ.)



26 R FE MRS G oGE(2011. 2)

.M 2

FA% EA(principal  component  analysis, PCA)&
LS8 o HE 485 B F Sz, A 93
(squared error) HE+= H F(reconstruction  error)2]
e Fashele Hu ¥ ]El{l] PCAE o] dod A
THOE ARREH YA, A5 24 s *F‘”‘_i JH =
ol wiztsithe #Aldo] Atk PCAY] #5 IS &o
7) Sl el A el ARk, olEe BB WY
cH8ole W A SEmenbestin® olsts
Ho) F Az 2 ol 4 ik B B olgal
= WS sl o] Hlole] Rt J3el tis PCAS 43
Stal o g ZAHE olgsto] HA vlolH ] FEES Tt
23]l A &&5E ol8dke WHS HFA 4
ole] ZRIEW & &&% ks o TN FF W3S
ZITHOI7I8l. ©15 PCA®l W& ZF improved robust
fuzzy PCA (RF-PCA2)= 4%%et FAES WHEHo=Z
HAgkshe g2 T3l Aooll Wzst
e HoE & s HE 943 A4
o} &RA|gk RF-PCA2 94
o] SieHIL

RF-PCA29] =5 HA3| A= o 71A 9lo] o
o RF-PCA29] %7] &&= go] ZE HloJE XSlEe| &
YA FoiAe Zo| 11 F shfo|th BE HoJE XRIEM
FLE £ET Fe FFFOTH RF-PCA2E PCAE o4
slo] Z7|skehe ATE 7HHLH ol oo We w3
Aol WAEE she 9e] . ® HE olfE
RF-PCA29| EX37} 2458 Fgteial oAt 04@81
As 279 FS ARSIt Aotk ol2id BAIKE 82
317] 98] o] =Fol M= RFE-PCA2E 7HA1% Al2g We
Altge}. ARk WHE WA 2718 A4S &
3 27] A&E %S FEst AT S e 5
(outlier)s 37| A% B ‘”‘J“ﬂol i7H5]‘2131 qEF L.
2 AREEAL $RARHI0] o]
Solgtell 22 ks gdEE -’F Ue Z_PJ?} WHog FH

tlo

]
0%

F

r
£
w2

E
;
p
B

aft}. o] Fgell A Folgte] obd ¥RIES] A& ALk Fho]
GdE F YA ofe HEHQ HH3} 3PS T 92
F 3tk 83 M RF-PCA2IMeR= b8 94S 7}
A=s Fozn ot e dd FHE 5 e 7188 7t
AN=F Fths ol

As 5] e Sk A 9dd] S5 e

52
N

PCAS] EA%o] sdshe & A7lshozx $s)
9tk PCA%} RF-PCA2E 7|1EA0 7 x5 079

>
"y

=

B rf

o] HAEEE s} AslE HAAE 2 059
ol S7Fsh= Ae G 5183k RF-PCA2Y I 1t

20e 92 5 Ak olge s 1Y FAE 5
[e]
AR

& & 2tk o AolAe RF-PCA2
= 1l SMWL RF-PCA29] 5234 4799}
%713} o ‘a—g— S RF-PCA3E Alokeitt A8 Avks 4
Aollx] Holm AR g 35 AT RS 5oA dFEih

ll. RF-PCA2

RF-PCA2E 5l 23238+ k709] 372w (orthonormal) ¥
B &, $4%(principal component)- Zohy7] 913 Wk
aEEoltk dolE AYF X={z), -z} 7t Tl B
RF-PCA29] 53 4= 4] (DF 2ol Yepd 5 3

argmin g, J= Zu Iz, = 1) = WW e, — pg)IP
+022 (u;logu; —u;)

~
= Zue T, )+02Z(uilogui—ui)

i=1 i=1

s.t. wtw=1

=
o2 JAgso] ik A WA g iﬁ:—_‘z—‘;: TEEAE TR
AN 79 & JeaL F WA g2 98 JFe Wt

A Z0]7] 93} regularization 3o]ch
w3 2 (1S u; of tisf AvEsE 4 Q)5 4& & Aok

=e(xi)+0210gui () e ©

A @2F el el gejshd 4 )9 afkdl] Hgt

1

update equationS 95 4 Ak



ZE W0l AME WY HA FHE B4 Y 2
elz;) Lags Uy =[uy - uyl”=[1,-1]7s 74
u; = exp|— | (3) >
o t=02% z73s
AR, 4 (D& ppol i3l BrlEsha 4 @e 48 2 Tepeat
3 t—t+1

Stk ol W I~ WITE gayde] EAjstelol ATk

o
< 7HES T 5 3l

2| BE T, =3, — g 0 AS
2 Ahsae WE T 2 A ©F A3 2
4 QoA
’ AV ’ ’
J= Zuini _ WWTIl-HQ ........................................... ©®

i=1

WIW= 1] Ak 22 394 24 O Asslshe W
2 (N2 AYse 71 4 B (weighted covariance
matix)lA kNS Al BHAE FAE e AEHE S
= sl

4 HE T B AE O 7 (A 6), (7)
5. Cpol 2 MBI W B A,
6.4 Qo= 2% U2 73tk

7 until - J < e met >t 8 retum

max

FPCA2 LT2IE
—PCA2 algorithm

T2 1. R
Fig. 1. RF

l1l. RF-PCA3

WS RE-PCAZZE ol diEe] Hls) U Ao B
Ak i3] S5 Akl w5 ek olE A ¢
] o] =idlAME MZE PCA9] M3 RF-PCA3E Al¢ts)
# ol RF-PCA2S} T 7h Zwol thaek 3 vl %
A5 RF-PCA3S) BA35E 4 93} 2o] gelek

Wz, — pg)I?

r

Nl

L fo X

N
argming, J= Eui”(xi — ) —
i=1

N

+022(u.logu. —u-)
t*l

—QZH T~ ) —

= (uz —a)e(xi)+02
i=1 i=1

Wz, — pp)IP
N
(u 7.rlogui—u%)

ERCERNGY

o Al WA % PCAS] %4 958 e
2 7H0] A 0] Fol ARk 2

2 Y% S8R 9VL AU A ORY Y Arsgow
HOBER e WS SERE 98e A o )
a(>0)E 3 Waksh A WA & Aole] g sk 98
& 3} o] wRoe AgH o 248 3 05 A8

RF-PCA39] update equationd 27olAe} HAHA
Aoz & & vk RF-PCA3CIA 2459 update
equation 4} 3T FYskL Fod 4 FEL 4 9
o} (10022 77 o=k



28 R FE MRS G oGE(2011. 2)

C 7LXNJ( _ ) Sro (10)

RT N+ 71 U; — )T

:]_VZ u; —a)(z; = pg) (@, —pp) "

7 ®¥A RF-PCA29} o& He Z7|3} wielth
RF-PCA2= 19 190|X49} o] BE dloJe] EIE djs}
o BUR FhoT AHES Z7lshaih SRR ol %3 2

tolE

Ao wAA she 9Rlo] HERZ RF-PCA3YAM=
XS 18l 2710 Aldeke WS ARSIt

PCAE 71920t BYE 71gsln glomz A3l b
ole] ERIE= Rl Fol EAshe TIER B 5 Ytk
et o5 MFZQ] IAEE OE ¥R EEJJr 7}7;]~r k)
of EAlste] 4 (1)9] & o AFYA
(typicality)& Wepl= 2=2

N
j=1

21 12 F8A Aglel e o3l A (12= 7} d|
olH ¥RIES] A&EE Al

4 (19 A o) BE A2 gt AL A3 A
oz MAFomH A& Fo| Yo| HES sk 4
(12914 0,5 25T ghe] 22 2HaR A5 o] =5
A= 4 (59149} o] A2 e EEBAE AHgSIsT),

UZZLNZ(di_d)Q .................................................. {5

RF-PCA3 ¥¢xElE5S I3 139 5Y3 725 7R,
A 194 2718} Wo] thax B 494 4] (9)¢} (10)
& AHgE= o] tlErk a8 2= RF-PCA3 ¢ualse
209kt Aol

e

1L 78 t =05 27|gsla 4 (122 27] 2555
Akt
2. repeat
3. t—t+1
43937 pp B3 38 Cps 73tk (4 9), 10)
5. CRre i+ WEz2 W& 743tk
6.4 Qo= 22% U2 79t
Tountil ST =T <e mE >
8. return

T2l 2. RF-PCA3 22|
Fig. 2. RF—PCA3 algorithm

Iv. &

ot

Znt o o
RF-PCA37} RF-PCA20] Hls) W& Z3E HeltE A
S F0l8ly] 9l o] Felre RF-PCA28} RF-PCA3S
Matlab2 2 T@3le] ARt 18 3& Aol AME-g
tlo|Ele} PCA ¥ RF-PCA3E A83le] ol A Hx) 3
RS A3 Aol Adel] AN HiolHE 7R-AISH &
FA AslaL A7) AYH o= S Hkste] T8t
S&E} a3 38 Al A3 Hlo]Ejell PCASH RF-PCA3
o183l T3 A WA FAES HAS Aotk
RF-PCA2= RF-PCA39} A9 5UsH T8-S 2oyl
7] WEoll 1% 3ellMe EAISHA] ¥odth 19 304 & &
UKol PCAS 7§ 2ol o3l 48 Wafo] e £o

2 9% A9 2L FAF & ek AW RE-PCAE

s RF—PCA3 ©

* o8
o0

T2l 3 PCAR} RF-PCA3E 0[S510{ okl A i =M
Fig. 3. First principal component found by PCA and
RF-PCA3



1M 29

Frequency

0 1 2 3 4 5 6 7 8
Angle difference

(@) RF-PCA2

=
2
=
2
g
=
50] A
o Ili“. M I I ( |
0 1 2 3 4 5 6 ¥ 8
Angle difference
(o) RPCA3

T2} 4 F T2 Ale] 2
Fig. 4. Angles between two principal components

% 3eA RF-PCA29] 382 FA8HA] skAqt
RF-PCA39] FARTR= ozbe) Zol7h ISith wehd A
WA Age ol Fohd F38e] Alquality) S ¥l
g} AA Feo] gl ElolEdlM PCAS o]&3le] 3 WA
FAR w, S T3k, Feo] A71E HlolE el RF-PCA29}
RF-PCA3Z 217} 3 WA F4E w, 3 w, & 73 e
o] 7t wlolElel A Zohd FAR] Fgol e H4-9
R FAR A 1 A360] 958 Ao A% S 9
ovg wyst w; AL wy w, Al]e] AEE Altet]
HaRdk o) W) T 7he Bxe] F4e 242k [0 0]7%
4 3)7e=z st a3 4 129 39 HolEE ol%
3ed 1,0003] ¥ AP AHE F2EaHoZ e A
ol RF-PCA29] #$ Hi Z=x 1357°, RF-PCA3=
0.836°Z RF-PCA37} L& A2 ngrk

A WA AFolA RF-PCA2 G4 7ol Wzt g
A7E RAAFT) At o] F48 [7 772 A4
745 RE-PCAZ= 19 5ell vehd 213} 2ol 37 23]l
A AR 2ys Bt

[
’ e o @&
. ®
. ° ®
°
°

T2l 5. R-PCA29| = A
Fig. 5. Local optimum in RF—PCA2

200

150
2
g
E,IO()’
=
501
o ,,..lllll
0 10 20 30 40 50 60 70 80 90
Angle difference
@
RFPCA2
500‘ T T
400‘ A
2300 1
£~
2
g
&= 200 %
10()‘ | 1
0 10 20 30 40 50 60 70 80 90
Angle difference
(b) RF-PCA3

J2 6 5 FH2 Al 2=
Fig. 6. Angles between two principal components

SR RF-PCA3S] 2% Sl e 245 38
gow AHFeIA ARE T4 ALao] M 71
Zolztk 19 6& 79 59 Heleel tisl RF-RCA2SH
RF-PCA3E 2188 238 2ok Aotk 4% whe o
o g Uit Y 614 % & GlEol, RE-PCAZE
U] e T AZsle] MAE W RP-PCASE o)

FEo] SukE dfell sl JEE ¢ F ok

to B




30 R FE MRS G oGE(2011. 2)

V. 28

Py
A2

Improved robust fuzzy PCARF-PCA2)= A
EE o]&3l PCAY F5 WS 2oF< v dag
#(1terative algorithm) 0 & o]d dugjEEsol| nla) #L&
4 ] FolEthe AMo] USH A SkATF RF-PCA2
- Ao FHEske EAR ol ﬁlof“] ol T3
2&T o= 2Tgkle MY Al & Wro g gitk=
el 7|1k, o] =ellXe o] F 71X ]% R RF-PCA3
3] T2 dHoje #¥X5 &

$3jo] 27] 24% 38 2Y3hn PCA A e 2

of e} Aoz 2 é'éPE “”%‘Oll Hl Oﬂ %—Oﬂ L.
e WA e ge 7] A5k A4 ] gle 4 ok
Aoket Wl PCAY] 7Pgel 248k 9l AP For ¢
F3 A5S 8o FYAW O(NV°) o ke 273k 24
7} 9)tk. RF-PCA3E ¥ ugjgog 1 Ao s ¥
£ G aTHER A kg apsks Yo e 1

P AT A ol

o

fl rlo
N op
ﬁ
pass
i)
of
¥
v
o
Ir
oo

(1] L T. Joliffe, Principal Component Analysis, 2nd
Edition, Springer, 2002.

[2] P. Rousseeuw, “Multivariate estimation with high
breakdown point,” Mathematical —Statistics and
Applications B, pp. 283 - 297, Dec. 198b.

(31 C. D. Ly T Y. Zhang, X. Z Du, and C. P. Lj
“A robust kemel PCA algorithm,” Proceedings of
the 3rd International Conference on Machine
Leamning and Cybemetics, pp. 3084 -3087, Aug.
2004.

4] C. Lu
“Adaptive

T. Zhang,

robust

R. Zhang, and C. Zhang,

kernel PCA  algorithm,”

Proceedings of the IEEE International Conference
on Acoustics, Speech, and Signal Processing, pp.
VI 621 - 624, Apr. 2003.

[B] Seok-Woo Jang, Moon-Haeng Huh, Gye-Young
Kim, “Effective Handwriting Verification through
DTW and PCA,” Jounal of the Korea society of

computer and information, Vol. 14, No. 7, pp.
25-32, Jul. 2009.

[6] G. Heo, P. Gader, and H Frigui, “RKF-PCA:
Robust kemel fuzzy PCA,” Neural Networks,

Vol. 22, No. 5-6, pp. 642 -650, Aug. 2000.

[71 T N Yang and S. D. Wang, “Fuzzy auto-associative
neural principal
extraction of noisy data,” IEEE Transaction on
Neural Networks, Vol. 11, No. 3 pp. 808-3810,

networks for component

Mar. 2000.

[8] T. R. Cundar, C. Sarbu, and H F. Pop, “Robust
fuzzy principal component analysis (FPCA). A
comparative  study  concerning  interaction  of
carbonhydrogen ~ bonds ~ with  molybdenum-oxo
bonds,” Journal of Chemical Information and
Computer Sciences, Vol. 42, No. 6, pp. 1363 -
1369, Dec. 2002.

[9] Gyeongyong Heo, Young Woon Woo and Seong
Hoon Kim, "An Improved Robust Fuzzy Principal
Component Analysis,” The Journal of the Korean
Institute of Maritime Information and
Communication Sciences, Vol. 14, No.
1093-1102, May 2010.

[10] V. J. Hodge and ]. Austin, "A Survey of Outlier
Detection  Methodologies,”  Artificial  Intelligence
Review, vol. 22, No. 2, pp. 85-126, Oct. 2004.

[11] G. Heo and P. Gader, “Fuzzy SVM for noisy
data: A robust membership calculation method,”
Proceedings of the 2009 IEEE International
Confernce  on 431 - 436,
Aug. 2000.

5 D

Fuzzy Systems, pp.



i

x x4 Y

A4z

19961 2¢

Qe 2ofetel 1Azets)
(F3PPD

19969 3720061 2¢ -
Fethshu ZFretEst fus
2006, 3 ~3A) :
ZaEet AR B
Tl 1 3R, HHYA, s
ez

E-mail : shkiml454@knu.ac.kr

5148

19969 8¢ AAois Eojsid

ARSI (B

2000 129 :

Department of Computer and

Information Science and

Engineering, University of

Florida (¥&HA}

PR} Machine Learning,
Pattern Recognition,
Image Processing

E-mail : hgycap@hotmail.com

o o
T o T
191 84

At ojste) s

QlcskL Bofslel AxgellEst
u)

19973 9€~&A) :
Seljsta Fepitiolgslat as
AR} ¢ ABAS, HHA, T

ol ogAR
E-mail : ywwoo@deu.ackr



WWwWWw.KcCi.go.kr



