
























































































Let T(Fn) - T(31, 32, ･ , Xn) represent our estimators】 where Fn lS the empirlCal dlStributlOn

of (3;1,X2, ･,3㍍), then sensitivity curve reduces to

scn(2) - [T ((1一三)Fn-1 +三△X)) - T(Fnll)]三　　(4･24)

whlCh converges to IF(X,T,F) for n - ∞ Hampel etal･ (1986) To Investigate the perfor-

Data　-　N(0,1); DatalnteⅣal ≡ (一日5,日5)
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Figure 4 1 Tukey7s sensltlVlty Curve for cla5Sicalestimators of mean and varlanCe･ and our

proposed estlmatOrS Of mean °∫nd variance based on β-divergence

mance of the proposed estimators by the Tukey's sensitlVlty Curve, We COnSlder a sample of

data from N(0,i) to estimate mean and variance including outllerS Or noise, where original

data points lies betwccI1 11･5 tc･ +1 5　Flgure 4 i shows the Tukey's sensitivity curve fc･r

classicalestlmatOrS Of mean (lL) and varlanCe (V), and our proposed estlmatOrS Of mean

(pp) and variance (Vp) based on β-dlVergenCe･ The marker style `*'and `×'represents the

curves for classicalestlmatOrS Of mean and variance, respectlVely, while the marker style 'o'
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S⊂atter Plots of MIXed Data Po■nts ( ) Wlth Outl･ers (+)

(a)　　　　　　　　　　(b)　　　　　　　　　　(C)

1　　　0　　　0　l　ー

(.^′二書写

0     1

te)　　　　　　　　　　　　(∩

(g) Performance lndex for prewhlten･ng Procedures

1-------〇一一一一一-一一一Gトへ一一一一〇一一--一一一0----- 8 6 4 

2-¢β-p,ewhilening oabcdef 

We■ght of Each Data Pomt for β-PreWhltemng

Figure 4.2. (a-f) Scatter plots of mlXed data polntS (･) ln presence Of 0. 50, 100, 200, 500

and 1000 olltliers (+), respect･lVely (g) performance Index for prewhltCnlng procedures wlth

data sets (a-ど), respectlVely (h一m) Weight of each data polnt for β-prewhitenlng Wlth data

sets (a-f), respectlVely･

llne With marker style (o) represent the performance of β-prewhitenlng We see that PI is

1 by both methods only for noise Or Outlier free data set that lS described ln Flgure 4 2a･

For ot,her data sets those are des(:ribcd lII Flgllr(.,S 4.2b14 2f. PI IS far froln l土or standard

prewhltenlng, however, PI ISalmost close to 1 for PIPreWhitenlng Therefore, performance

of both methods are same lf data set lS 110t COrrupted by noise or outllerS, however, 1f data

set lS COrrupted by noise or outllerS, theII Performance of β-prewhltenlng.S better than
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(a)　　　　　　　(h)　　　　　　(C)
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Figure 4･3 (a-C) Plots of Dβo (β)with P0 - 0 1- 0･2 and O･3 for dlfferent values of β (d)

Scatter plot of source slgnalS (e) Scatter plot of mixed signals. (f) Scatt｡, plot ｡f whlt｡n｡d

signals (g) Scatter plot of rccovercd signals by FastICA

standard prewhltenlng Figures 4･2h-4 2ⅠIl represent the weight of each data point obtailled

by (4118) for data sets those are described in FlgureS 4.2a14.2f, respectively. We see that

weight of each data point for data set (Figure 4･2b) lS exactly 1, thlS means PIPreWhltenlng

reduces to standard prewhltenlng for thlS data set For other data sets, welght of each mixed

data point is significantly larger, while weight of each outller data point isalmost close to

zero ThlS means that outlier data points have no Influence ln the estimation by the pro-

posed method･ In Figures 4 2k and 4･2m, we see that weights corresponding to some outlie,

data points are larger, however, these outlier data points are overlapped or very close to

mixed data polntS7 SO CStimate lS not affected so much by those data polntS. Note that first

1000 mixed data points for each data set are same and the rest are Gaussian noise or outliers.

In order to investigate the performance of β-prewhitenlng ln a COmparlSOn Of standard

prewhitenlng by FaBtICA, we consider the data set that isalready described in Figure 4 2a

For convenlenCe Of presentatlOnっWe dlSplay thiLq mixed data set agaln ln Flgllre 6 1e To

obtain Whlten data from thlS mixed data set by the proposed method, we selected the val-

ues of the tumng parameter β by Ar-fold CV (K - 10) We computed Dβ｡ (β) for s｡V｡,al

values of β with a axed value of βo using thcalgorlthm givell ln table l･ We computed

Dpo(β) for β varying from 0 to O･6 by 0 05 with β0 - 0･1,0 2 and O･3using thealgorithm

glVen ln table 1. Figures 6･1a-6 1c show the plots of Dβ｡ (β) In each plot, asterisks (辛) are

Den (β) and the smallest value is Indicated by a circle outslde the asterlSk. D｡tt｡d lines are
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Z1　-5　　0　　5　　Yl

Figure 4･4: (a-C) Plots of Dβ｡ (β) with β0 - 0･1, 0 2 and O･3 for dl鮎rent values of β. (d)

scatter pl.t of mlXed slgnals ln presence Ol.tliers (+)･ (e) Scatter plot of whitened signals

under standard pr｡whitenlng (f) Scatter plot of recovered signals by FastICA under standard

prewhitening (e) Scatter plot of whitened signals under P-prewhitening with 0 - 0 2･ (f)

scatter plot of recovered signals by FastICA under β-prewhltening wlth ･β - 0121

万0｡ (β)士SDpo(P)I Plots of Dβo (β) shown lnfigures 6 1al611c suggest β - 0 for each βo by

i.ne standard er,0,,rule for 〟-pl･eWhitenillg, Which lS equlValent to staTldard prewhltenlng

Thusadaptive selection procedure for β suggest standard prewhitenlng lf data set is not

corrupted by noise or outliers Flgure 6 1f shows the scatter plot of whitened slgnals under

standard prewhitenlng Figure 6 1g shows the scatter plot of recovered sigllals by Fa5tICA

under standard prewhitenlng. Colnparlngfigures 6･1d and 6･1gっwe see that recovered signals

are Independent with each other wlth non-Gausslan Structure

Toinvestigate the performance of PIPreWhltenlng On robustness, we added 50 outliers (+)

from Gausslan distribution that lS already described in 4･2b･ For convenience of discus-

sion, We display thlS mixed data set again ln Flgure 4 4d To obtain the whiten data by
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(a) orig■nal Signa一s and The･r Scattenng Plot

匝団二重匝喝
ゝ.

(b) Mixed Signals w･th Outtiers (十) and The･r Scattering Plot

_:02転]二重巨璽
(C) plots of ∫)β｡ (〟)

o o l

o5     1   0     D5     1   0     05

(d) Recovered S･gnaLs and The･r Scattering plot

Flgure 4 6: Plots for slmulat10n reSultswith the mixture of two synthetic signals (a) Orlginal

signals (left 良 middle) and thelr SCatterlng Plotl (right)I (b) Mixed signals (left 良 mlddle)

and their scatte,lng Plots (rlght日C) Plots of Dpo (P) to select appropriate values of P for

β-prewhitenIng･ (d) Recovered signals I.nder β-prewhitenlng Wlth β - 0 (left & middle) and

their scatterlllg plots (right)

signals (slnuSOid, funny curve, saw-tootll alld impulsive noISe) by a mlXing IIlatrix

0.9507　0.1054　0.8403

10.5303　02808　0.1429

07445　　0.0552　09581

0.0234　-0.9187　07388

and added outliers (+) from N(10, 1) and N(-10, 1)with probabllity of occurrence O･05 at the

end of each mlXed signal Figures 4･7(b) shows the mixed signals and Figure 4 7(C) represent

the scatter plot of mixed slgnal･ For whitenlng the data set by the proposed method, we

selected the values.f the tunlng parameter 〟 by K-fold CV (K-1O) as in the previous

example. we computed Dβo (β) for β varying from 0 to 0 3 by O･05with β0 - 0･17012 and Ol3

using thealgorlthm glVenintable 1 Figure 4･8(a) show the plots of Dβo (β)･ In each plot,

asterisks (*) a,e Dβo (β) and the smallest value lS indicated by a circle outslde the asterisk
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(a) OrigJnal Signals

LW.ゝl一一-r一一uJLIJL I-tl･-

(b) Mixed Signals With OutrlerS

lil::.-Ill ･､　-　t.

∴ :- : ,--/_　--一一一-,---:-;.

(C) Scatter PJot of MIXed S.gnaJs lnclud.ng Outliers (+)

15　　　0　　　X2　　15

u    ):5

Figure 4 7 Plots for simlllatlOn results with the mixture of 4 synthetic slgnalS･ (a) 0,lginal

signals (b) MIXed signals (C) Scatter plot of mlXed signals including outliers (+)

Dotted lines are Dβo (β)±2Dβo(β) For P0-0 1 and O･2, plots ofDβo (β) shown in figure 4 8(a)

look like an elbow shapeand suggest β-o･05 by the Lone standard error, rule, while for P0-0 3

plot of DβD (β) shown in figure 4･8(C) suggest β-03 by the same rule. Clearly β=0,05 is

more stable than β-0 3 for wide range of Po From figure 4.8(d), we see that estimated mean

and variance for β - o･05 to 0 25 arealmost consistent, but for other values of β estlmateS

are drastically changcd･ Therefore we decided P-0 05 for PIPrCWh.tenlng. Figllre 4 8(b)

show the recovered signals under classical prewhltening or β-prewhltenlng With β-0, while

figure 4 8(C) shows the recovered slgnals under β-prewhitening with β-0 051 Comparlng

Ggures 4･7(a), 418(I,) and 418(C), we LqeC that recovered slgnals by FastICA under classical
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(a) P一ots of Dβo (β)

DB (I)
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(b) Recovered signals by FastlCA under c一ass-cal prewhiten'ng

∴ ･一　一

....一一一叫仙･:I:----∵- +･.

(C) Recovered signa一s by FastICA under β-prewhiten■ng

一　　二.　~　7-

_　_ : LbLd-L･-kt-,i

Estlmated Mean and VarlanCe for the mixed signals

Figure 4･8: Plots for simulPit10n results with the mixture of synthetic data set (a) Noisy

mixed slgnalS (b) Plots of Dpo (β) to select appropriate values of β for β-prewhltenlng (C)

Recove,ed slgnals by FastICAunder classical prewhltening (d) Recovered slgn^als under

β-p,ewhitenlng With β-0･05･ (e) Plots of the estlmated mean (Pe) and variance (Vp) for the

mixed signals by the proposed method

prewhitening are not good, whlle the recovered signals under β-prewhitenlng With β-0･05

are good and almost slmilar to the orlglnal slgnals

4.5.3　Simulation With Real Audio Signals

we have taken 3 1nd｡p｡ndent audio slgnals shown in figure 4 9(i) as origlnalslgnals for a

practical example with realdata lnfigure 4 9(i),丘rst two are speech signals and last one lS
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Original Signals

Plots of Dβ. (β)

Recovered Signals

F.g｡re 4.9･ Plots for slmulatlOn results wlth｣he mixture of real audio slgnals (1) Orlg-

inal slgnalS (.1) mlXed signals (ill) Plots of DL,)0 (β) to select approprlate Values of ,♂ for

β-prewhitening. (lV) Recovered signals under β-prewh.tening with β - 0

4.6　Conclusions

ln this chapter, We proposed β-prewhitening as an adaptlVe robust pre-whltenlng procedure

for ICA Instead of exIStlng preWhltening procedure The performance of this new prewhlten-
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Mixed slgnals wlth outllerS

10　　　12　　　14　　　16

10　　　12　　　14　　　16

U     a    10    12    14    16

Scatter plot of m･xed s.gnals w.th outliers (*)

Jl5　　亡1　05　T2　　-0.5　　D D5

Plots of Dβ｡ (β)

01　　02　　　β

DドD(β)

-0 00014

-0 00015

-0 00016

Dβo(β)

0 00032

0 00036

0 0004

01　　02　　　fl
01　　02　　　β

Flgure 4 10 Plots for simulatlOn results wltll tile rnlXture Of real audlO Slgnals (aLMixed
signals wlth outllerS･ (b) Scatter plot of mlXed slgnals wlth outliers (*) (C) Plots of Dβ｡ (β)

wlth P0 - 0 1. 0 2and Ol3 to select appropriate β for β-prewhitenlng

lng procedure lS equlValent to the stalldard prewhltenlng lf data set is not corrupted by noISe

｡r olltli｡rs lf data set iLS COrrupted lJy n｡lSC Or Outllf,rS, t,h'n 〟-prewhitelllllg lS r.luCh better

than standard prewhitenlng

The tunlng parallleter 〟 plays the key role oll the performance of P-prewhitenlng There-

fore, We proposed an adaptive selectlOn procedure for the tuning parameter ♂ based on cross

valldatlOn ThlS adaptive selectlOn procedure suggests β-prewhltening with β=O if data set

lS not COrruPted by noise Or Outliers If data set lS COrruPted by noise or outliers, then adap1
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Recovered slgnals under c一ass.cal prewhitenlng

10　　　12　　　14　　　16

10　　　12　　　14　　　16

10　　　12　　　14　　　16

xlO4

scatter plot of recovered stgnals by FastlCA under classlCal prewhltenlng

Recovered signals by FastlCA under β-prewhitenlng

10　　　12　　　14　　　16

10　　　12　　　14　　　16

10　　　12　　　14　　　16

tlしl▲

scatter plot of recovered s･gnals by FastlCA under β-prewh-ten■ng

F.Sure 4 11･ Plots for slmulatlOn results wlth the mixture of real aud10 SlgnalS･ (a) Recovered

slgnals by FastICA under classICalprewhitenlng (b) Scatter plot of recovered slgnals under

classICalprewhitenlng (e) Recovered signals by FastICA under β-prewhitenlng Wlth β=0･05

(a) Scatter plot of recovered slgnals under β-r'rcwhltCnlng
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( a ) ob80rVed components　　　　( b ) Local PC by cla与Sical method

ご十∴こ.

0　　　　　　5　　　　　10

( C ) Local PC byGM dlstrlbutlOn

-2

-4

-6

-8

-1 0　　　　　　-5　　　　　　　U　　　　　　　ミ)

( ○ ) Local PC by β-dlVergenCC atSteP 1

三三□

一5       Uミ)

( d ) Local PC by GM dLStrlbutjon

一4  -2   0   2   4   ら   tl

(f) Local PC by βdlvergenceatstep2

AdaptlVe SeLed=■On for v by 10-Fold CV

(g)βo=02･V｡=04
7　-01

㌔凸1015

(h) P｡=02,vo=04

Figure 5 1 For dataset 1, (a) Observed components･ (b) Local prlnCipal component (PC)

based classicalMcth｡d. (C-d) Local PC based on GallSSian mixt一.rc (GM) dlStibutlOn (e-f)

Local PC based.n 〟-dlVergenCe at Step 1 and 2, respectlVely (g-h) Plots of Dβ｡〟｡ (U) with

β｡ - 0.2,U｡ - 0 4 by K-fold CV at step 1 and 2, respectlVely

lone_standard err.r rule,, we chose I/ - 0.2 using Figure 5 i(h) Then we apply the minlmum

β-dive,gence method again changing the lnltlalValue of the shlfting parameter vector FL and

the local kernel vector ∬ both by (5.48) Figure 5･1(f) shows the scatter plot between two

pcs at step 2 We see that transformed data set consist Of two clusters as previous, Where

one clllSter ▲0･ satisfies both llnCOrrelatedncssand variance properties of PCA llke the clllSter

- at step 1. After step 2, T1-0 95 So sequential estimation by the rninlmum β-divergence

method lS terminated Figures 5 3(C-d) show the weight of each data point COrreSPOndlng

to the cstlmateH at･ Step 1 and 2, respectively･ One can see that at each step- one class of

data we,e used and the other class.f data totally were Ignored by the welght funct10n (5A7)

for ｡stlmating rand p. The arrows in FlgureS 5･1(C-f) represent the center of local PCs･
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Local PC in Presence of OutllerS

( a ) Observed components with outllerS '
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( C ) Loc81 PC by GM d】stnbut10∩
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( e ) Local PC by P-dlVergenCe atSteP 1
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( b ) Local PC by classICal method

■U¶廟咋o:. 

すご...◆... .ヽ◆. ■ 

( d ) Local PC by GM dlStnbutEOn

0　　　5　　10　15　　20　　25　　30

( I) Local PC by β-dlVergenCe at Step 2

-25　-20　-15　-10　　-5　　　0　　　　　　　　　　　　　　-5　　　　0　　　　5　　　10　　　15

AdaptlVe SeEedlOn foH, by 10-Fold CV

xlO~J

(g) B｡;02･V.;04 (h)P｡=02･vD=04

0      02     04     06     (】8                  0      (】2     D4     06     08

Flgure 5 2: For dataBet 1 wlth outliers (*)7 (a) Observed components with outliers (b) Local

principalcomponcnt (PC) based classicalMethod ({d) LocalPC based on Gaussian mix-
ture (GM) dlStilbutlOn (e-f) LocalPC based on β-divergence at step 1 and 2, respectlVely

(g-h) Plots of Dβ｡"D (U) with β0 - 0･2, I,0 - 0･4 by K-fold CV at step 1 and 2, respectively

respectively Comparlngfigures 5 1(e-f) with 5 1(C-d), we see that performance of minimum

P-divergence method for localPCA isalmost equivalent to localPCA based on GM dlStr1-

blltion for data set 1

Two investigate robustness of the proposed method, we added 50 outliers (*) from the ex-

ponentlal dlStrlbutlOn tO make 1050 samples points in data set 1 shown lnfigllre 5･2(a) To

estimate principalComponents (PCs),first we apply classICalmethod･ Figure 5･2(b) shows
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Class Probability I Weight for Each Data Point

(①･(I)X一L3)d　(≡J.≡三(I)X)0(①,())X一Tu)d((i)JL(i)三(I)X)0

帽洗Ⅷ

(①･(1)X一No)d

匝
匪…∃辛DE圏
Class Probability lWeight for Each Data Point in Presence of Outliers ( I)

二岬i
(①･(〟)三No)d((N)J.(N)三())X)0

≡Figure 5 3　For dataset 1. (a-b) Class probablllty P(Ck l諾t,0), k-1,2 for each data point･

(C-d) Welght for each data point at step 1 and 2, respectlVely (e-f) Class probabillty P(Ck l
xt, 0), k-1,2 for each data polnt ln Presence Of outlic!rs (g-h) Weight for each data polnt
ln presence Of outllerS at Step 1 and 2, respectlVely

the scatter plot between two PCs We see that result is not so good under the previous dis-

cussion for data set 1 Ⅵth outllerS. Then, we compute local PCs shown ln丘gures 5 2(C-d)

by the maxlmum likelihood cstilrlatOr (MLE) of Gausslan mlXturC (GM) dlStrlbut10n Wc

see that local PCs belonging to the cluster ''lnfigure 5 2(C) are good as previous, however,

localPCs represented by figure 5 2(d) are not so good by the previous discusslOn Therefore.

local PCA based on GM distrlbutlOn is not so good for data set 1 ln presence Of outllerS

FlgureS 5.3(e-f) shows the class probability p(Ck I xt, 0), k-1･2 for each data polnt･ Then we

apply mlnlmum β-dlVergenCe method uslng a localkernel functlOn for the same purpose To

select an optim-ユIn kernel parameter i,, We computed Dβ｡,/0 (i/) wlth (β0 - 0 2, l/0 - 0 4) for i/

varying from 0 to i by Ol1 using 10-fold CV algorithm glVen ln table 1 By the Cone-standard

error rule'. we chose i/ - 0 15and 0 25 uHing Flgllre 5 2(g-h) for step 1 and 2, respectlVely･
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(a) ObseⅣed Components

(b) Obse…ed Components W･th Outliers (*)

｢ .5卜i｣　_1 2｡｢ J　` 1 20

10 15　　　　-5　0　5 10 15　　　　-5　0　5 10 15

0　　　10　　　　20

X5

Flgure 5･4　For dataset 21 (a) Scatter plot of observed components (b) Scatter plot of

observed components with outllerS (*)

S.lid line Wlth marker style (o) indicates estlmat10n based on GM distribution and dashed

llne means the simulati.n based on the mlnimum a-divergence method Clearly, we see that

｡lassICal｡Stimat｡r does not satlSfy Tfl今8 - 1 for 7J - 1, 2, while the estiIILatOrS ObtaiIled by

.th｡r tw. m｡th.ds satisfy lt forall a - 1,2, ‥ ,5　AIso from Figures 515(e-f)I we see that
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( a ) AdaptIVe SeFectlOn for L′ at Step 1

xlO~5

(A).^Dd□

( b ) AdaptlVe SeJect■on for lノat Step 2

xlO-l

llTr .　　　　.　　　　　　.　　　　　　･　　　　　　1

-38

139

-4

141

-42

01     02     03               0     01     02     03

(C) IP between 78 andもatstep l　　　　(d) lP between Tt andもatstep 2

ここ　095
T1

09

(e) EE for the est■mateもat step

こ　095
a.

09

(f) EE for the est'rnateもat step 2

(g) PTV for each PC at step l　　　　　　(h) PTV for each PC at Step 2

-.一一トCbssIC8I MetJIOd ( 2 )

-　Cr8SSICa】 Method

1 - 8-DIVergenCe

一･〇一GM DJStTtbutJDn

(I) CPTV for each PC at step l　　　　　　(J) CPIV for each PC at step 2

Figure 5･5. For dataset 2, (a-b) Plots ofDβ｡ (β) wlth P0 - 0 2,U0 - 0.3 for u by 10-fold CV

at step i and 2, respectlVely･ (d-e) Inner product (IP) between true column vector and the

estimated column vector ofr at step 1 and 2 ･ (i-g) Estimatlng error (EE) forヤ" (1-1,2,…,5).

(C-d) Percentrage of totalvariatlOn (PTV) for i-th PC (i-1,2,･･5) at step 1 and 2, respectively.

(e-f) Cumulative Percentage Of totalvariation (CPTV) for 1-th PC (i-1,2,.5) at step 1 and
2, respectively.

estumatlng error (EE) wlth classicalmethod is high for i - 1, 2, while EEwith other two

methods arealmost close to zero for all ,i - 1,2, ･,5　Therefore, local PCA based on GM

dlStrlbution and mlnlmum P-divergence method both are better than classicalmethod. It
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( a ) Adapt.ve Select'on fq A, at Step
xID~}

三㌔㌔

01    D2   03   04

(C) lP between -rt and 7. at step

(e) EE for the est■mateもat step

(g) PTV for each PC at step

( b ) Adapt.ve Sef∝t-on for i, at Step 2

xTO一一

0    01   02   03   04

(d) lP between 1号andもat step 2

(f) EE for the est'nlateもat step 2

(h) Ply for each PC at step 2

(I) CPTV for each PC at step 1 U) CPTV for each P⊂ at step 2
■　　　_ニーlてf∋r　了　　　　Ⅷr　　'　.　__■■...._-

Figure 5･6. For dataset 2 with outliers. (a-b) Plots of Dβ｡ (β) wlth β｡ - 0 2,uo ≡ 03 i.r u

by 10-fold CV at step 1 and 2, respectlVely･ (d-e)lmer product (IP) between true column
vector and the estimated column vector of r at step land 2 (f-g) Estimating error (EE)

for it, (1-1,2,-,5) (C-d) Percentage of total variation (PTV) for i-th PC (1-1,2,‥5) at step

1 and 2, respectively. (e-f) Cumulative percentage of totalvariatlOn (CPTV) for i-th PC

(.-1,2,-5) at step 1 and 2, respectlVely.

localPCA based on mlnlmum β-divergence approach is better than b.th classi｡aland GM

distrlbution approaches for dataset 2 in presence of outllerS FlgureS 5 7(g-h) represent the

percentage of total variation (PTV) for each PC at Step 1 and 2, respectively. At steps 1.

soud line With marker style (*) represent the classICalestimates using only data class 1, while
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Class Probabllity I Welght for Each Data F'cint
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Figure 5 7　For dataset 2, (a-b) Weight for each data point at Step 1 and 2, respectively.

(C-d) Percentage oftotal varlation (PTV) forトth PC (i-1,2, 5) at step 1 and 2, respectively

(e-f) CumulatlVe percentage Of total varlation (CPTV) for 1-th PC (.-1,2,-5) at step 1 and

2, rc叩cctlVely

at steps 2, solid line Wlth marker style (*) represent the classicalestlmateS uSlng Only data

class 2 and other lines are described as previous･ In both steps, We see that PTV for each

pc obtalned by the classICalmethod uslng Only one data class and minlmum β-divergence

method usingall data classes including outllerS arealmost similar, whlle PTV obtained by

the classICalapproach or GM distrlbut10n approach uslngall data classes including outliers

arcL not Similar for first and second prlnClpal componcnts･ Therefore, minimllm β-dlVergenCC

method for local PCA is better than the other two method ln Our Current COnteXt for dataset 2

1n Presence Of outllerS Figures 5 7(i-J) represent the cumulative percentage of totalvarlat10n

(CPTV) by the princlpal colnpOnelltS ObtaiILCd by the methods dlSCuSSCd above･ Figures

5.7(e-f) shows the class probabllity p(Ck 1 xl, 0), k-1,2 for each data point based on GM

dlStrlbutlOn approach. FlgureS 5.7(g-h) represent the weight of each data polnt With the
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mlnlmum β-divergence estimator at step 1 and 27 respectively Same a叩reVious, One can

see that at each step of estimation of r and p'One class of data were used and the other

class of data totally were Ignored by the weight function (5A7)

Local PC by M･nimum β-D■vergence Method

( a ) Observed ComporlentS

~5     0     5     10

(C)LocalPCby(ド(2)･ r(2))

(b) LocaIPC by(p川･ r(1))

･"L-,PCby(I(qr(.,' Yl　　▼1㌦,-:o腿,｡:b,(p:5,.,(5,1,0 15 Yl

FigllrC 5 8　For dataset 3･ (a) Scatter plot of observed data (b-f) Local PC est'mated by

(p(k), r(k)), k - 1, 2, -5, respect●vely.

To demonstrate the validity of the proposed methods for mlXtureS Of sevcralclasses, we con-

sldered two-dimensiona17five class mlXture Of synthetic data shown ln Figure 5･8(a), Where

each class represent the linear relatlOnShlP between two variablesI To estimate prlnCIPal

Components (PCs) by the proposed method, we chose optimum u - 0.2, 0 25, 0 15, 0 25&0 2
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Dβ.(β) by K-ford CV wlth P0 - 0 5 and L/0 - 0.5

∴　∴‥____　二._
(d)step4　　　　　　　　　　(e)steps

(h )AtsIep3
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Welght for Each Sample Point
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0    200   400  I
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Flgure 5.9 For dataset 3, (g-k) Plots of Dβ｡ (β) with P0 - 0 3 by K-fold CV at step 1 to 5,

respectlVely (a-e) Welght for each data polnt at Step 1 to 5, respectlVely. (f-j) Cumulative
weight at step 1 to 5, respectlVely

5.6　Conclusions

We proposed a method fc･r exploring localstructure of PCA mixture model for dimension-

ality reduct10n based on theminlmum P-divergence method using a localkernel function

The proposed procedllre Searches the orthogollal matrlX Of each localclass for PCA based on

the Initial condltlOnS Of the shlftlng parameter and a local kernel vector. If the Initial value

of the shiftlng parameter Vector P and the local kernel vectorこro belongs to a data class,

then the minimum β-divergence estlmatOr丘nds the estlmateS Of the orthogonal matrlX and
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Local PC Based on GM DIStnbut10n When c IS known

( a ) Observed Components
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Figure 5 10･ For dataset 3, (a) Observed components (b-f) Local PC est･mated by (IL(k), Il(k))I

k - 1, 2,.‥5, respectlVely.

shlfting parameter for this cla5S･ In order to obtain estimates of the recoverlng matrix and

the shifting parameter for other data classes. the Initial value of the shifting parameter lS

changed according to the observed vector havlng the α-percentlle cumulatlVe Welght･ Using

the proposed method, all local structures can be explored sequentially from the entire data

space･ we suggested a termination mdex for the proposed method based on the cumulatlVe

welght On the basis of our simulation results, the value of the termination index (TI) should

be greater than O･90 to terminate the classification procedurel
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LocaJ PC Based on GM D'str'butl0n When c ,s unknown

( a ) Observed Components

(①書一三〇)d

(b)LocaIPCby叫1)･T.))
(

Class Probablllty for Each Data P.int

IT　　　∴

Figure 5･11 For dataset 3･ (a) Scatter plot of observed data･ (b-f) Local PC estlmated by

(p(k), r(k)), k - 1, 2,3. respectively.

The performance of the proposed method depends on the value of the tuning Parameter P

and u, where 〟 plays the key rule for localPCA･ We used an adaptlVe Selection procedure

for u keeping fixed β as βo everywhere in the simulatlOn Study by the cross validation. The

modified loss f-lnCtlOn defined by (5 52) with fixed vallle β0, uo is used as a measure for eval_

uation of the proposed estimators by dlfferent values of u･ Deo,uo(U) for different values of u

were estimated by K-fold cross-Valldat10n Summarized ln Table 1.

The main purpose ofthc proposed method is similar to the conventionalPCAmixture models

proposed by Tipplng and Bishop (1999)) The procedure proposed by Tipping and Bishop

(1999)findsall localPCA structures simultaneously'whereas the method proposed herein

findsall localPCA structures sequentiallyl
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ObseⅣed and Recovered Values
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Dβ｡ (β) by K-fold CV

O O3　　β　09　　0　　03　06　09

(9)βo=03

Weight for Each Sample Point

(J)　　　　　　　　　　(k)

((Nr･(N)Nt.(I)芸a覆肖EHm a

Figure 6 1･ For dataset 1, (a) Observed values (b-C) Recovered values by (W(1) , ii(1))and

(W(I) , P(1)), reSpeCtlVely. (d-f, g-i) Dβ｡(β) with P. - 0･3,0.6 and 09 at step 1 and 2,

respectively (J-k) Weight for each sample point at step 1 and 2, respectively

B0 - 0･3 (figure 6 2(d)).Sflat for small βand have a sudden Increase around 0 4 1ndicating

lt (,annOt be llSed for selcctlOll 0f β. By the 一one-starldard errorru1e', we chose β - 0 5 from

DBo (β) with β0 - 0･6･ Dβ｡ (β) with β0 - 0･9 had the same shape as that with P. - 0.5and

ltalso suggested β - 0 5 At step 2, we againused P0 - 0.6 (or β - 0.9) for selection Ofβ

wlth the same reason (hgures 6 2(g-i)), and chose β - 0･6 Figures 6.2(b-C) show recovered

signals by the estlmate (iD(1廟) obtain.ed at step 1 and (W(2,･P(2,) obtained at step 2,

respectively We see that one hldden cla月s IS recovered properly by the estlmate (iD(1),恥))
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ObSeⅣed and Recovered Values

( a ) observed Values　　( b ) Re00vered by ( W(.)I ～(.1 )
(C) Recovered by ( W(2), ～(2) )

~Dr　　　　　　　　　　~~:. 1　-10L P･　　　　　t
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Dβ｡ (β) by K-fold CV

(d) βo=03　　　　(e川0-06　　　(I) Po=09

iii-　X Xi i iiiiiiiiiiiiiiiiiiiiiiiiii-　X Xtl iiiiiiiiiiiiiiiiiiii-

∴_二
-0 02

-0 04

∴一~
(9川0-03
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Weight for Each Samp一e Point

(｣)　　　　　　　　　　(k)
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願コ

Flgure 6 2 For dataset 2, (a) Observed values (b-C) Recovered values by (W(1), A(1)) and

(W(1), P(1)), reSPeCtlVely･ (d-f, g-i) Dβ｡(β)with β0 - 0･3っ06 and Ol9 at step 1 and 2,

respectively (]-k) Weight for each sample polnt at Step l and 2, respectlVely･

and the other lS recovered by t,he estimate (秤(2) , P(2)) ･ FigllreS 6 2(J-k) dlSplays the weight

.f each data point corresponding to the estimates (W'1" P(l,) and (W'2" P'2') , respectively

Again, at each step for estimation of tγ and I▲- One Class of data were used and the other

class of data were totally Ignored by the welght functioI. (6 12)･ The value of TI was 0 92

when the sequential recovermg procedure was termmated･

To lnVeStlgate the performance of the proposed procedure for hlgh-dimensional data, we
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Dβ｡ (β) by K-fold CV

(a)Po=03　　　(b)Po=06　　　(C川o=09

(d)PD=03　　　　(e)βo=06

041l r O205‥ 11X10-3(f)PD=09

∴‥
0200

01 95

0190

UJr^■　　∧ ,.　(.　_I_.01肪二　　日　　_　　　■　　一I l

0  02 β 06 0 02 04 06 0 02 04 06

Figure 6･3･ For dataset 3, (Top) Observed valtleS･ (a-C, d-f) Dβ.(β) with P0 - 0 3,0 6 and

O･9 at step 1 and 2, respectively

analyzed the five-dimensional sub-Gaussian(uniform) data. Dataset 3 C.nsist.f two classes

Wlth projection of observed data onto two-dimensIOnalcoordlnateS, two Classes are over-

lapped as shown in丘gure 3(top)･ For eStimatlOn Of recoverlng matrix at step 1, we chose

β = 012, because all of Dβo (β) with β0 - 013,0 6 and 0 9 (figure 6･3(a-C)) have an elbow

shape and P - Ol2 is suggested byall ofthem･ At step 2, wc chose P - 0 2 as Ill the previous

step uslng丘gures 6･3(d-f)･ Figure 6 4(Top) and 6･4(Middle) show recovered values by the

estimate (t^V'1',P'l') obtained at step 1 and (W(2), P(2,) obtained at step 2, r｡S｡ectlVely It

is observed that one hidden class is recovered properly by the estlmateS (W(I,, A(1,) and the

other is recovered by the 9StlmateS (a(2),声(2)) I Figures 6･4(a-b) show the w｡.ght for each

data polnt at Step 1 and step 2, respectively. Same as the previous examples, at each step

one class of data were used for estimation and the other class of data were totally Ignored

by the weight function The value of TI was O･99 when the sequential recoverm9 Procedure

lOl
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Recovered by (W(1), ii(1))
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Recovered by (W(2),良(2))

ー3　　0　y3-4　-2　0　y4

Weight for Each Sample Polnt

(a) (b)

Figure 6 4･ For dataset 3, (Top) Recovered values by (W(1). P(1)) (Mlddle) Recovered values

by (W'(2), ji(2))･ (Bottoln) (a-b) Weight for each sample point at step 1 and 2, rcspectlVely

was temnmated.

To demonstrate the validity of the proposed methods for mixtures of severalclasses, we

consldered two-dimensional, seven class mixture Of synthetic data shown lnfigure 6 5(a)

orlglnal1ndependent sources al･e uniform random numbers ln SIX Classes and the rest one

class consist of two-dimensional 20 Gaussianrandom numbers (*) For this dataL We used

β｡ - 1 2 for selection of the values of the tumng parameter β･ FlgureS 6･5(J-p) depicts the

valuesofDβ｡ (♂) wlthβ0 - 1 2 forsteps 1 to7, respectively Wechoseβ - 0 8forsteps 1 to6
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ObseⅣed and Recovered Values

(a) ObseNed values
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Flgure 6･5 For dataset 4, (a) Observed values (b-h) Recovered values by (W(-), ji(i)) for

a - 1, ･･,7, respectively (i) Independent dlreCtlOn (j-p) Dpo(β) with β｡ - 1.2 at step 1 to

7, respectively.

and β - 0 9 for step 7 based on the 【one-Lqtrandard error rule'FlgureS 6.5(b-h) show I,he plots

of recovered classes by the estlmated recoverlng matrlCeS and shifting vectors at step 1 to 7,

respectlVely Figures 6 5(b-e, g-h) show that each estimated recovering matrix at step 1, 2,

3, 4, 6 and 7 recovers mdcpendent sourt,es for one of sub-Gausslan Classes, While丘gllr｡ 6.5(f)
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shows that estimated recoverlng matrix at step 4 does not recover Independent sources for any

one class, since the shifting vector was inltlallZed to the Gausslan Class (figure 6･6(e)) at this

step and ICA cannot separate Gausslan Slgnals Figure 6 5(.) shows the estimated structures

of dataset 4　The orlglnS Of arrows are located at ii(i) and the directlOnS are the columns

of玩7(I)1 The structure of the ICA mlXture data was properly estlmated Figures 6 6(a一g)

Welght for Each Sample Point

{≡oEnx)令

{三oE())I)0

虹
妄二50m.0 8(.):lWlk州JI, k-1･2･ ･T

cumulatLVe Welght Correspondlng tO Each Samp一e Polnt

亘二5匹現 ¢k( X(I) ) CumulatNe Welght at I(t) b九er k-th step,

lk=1,2. ,C=7)

FlgllrC 6 6 For data:set 4, (a-g) Welght for each sample polnt at Step 1 to 7, respeetlVely

(h一m) CumulatlVe Weight at step 1 to 7, respectlVely

sh.w the W｡.ght for each data polnt COrreSpOndlng tO the estlmateS (W(州(令)).i - 1, ･ ,7-
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(a)
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(b) (C)
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Recovered S･gnals by (W(1). ii(1))

(f)　　　　　　　　　　　(g)

言"I
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Recovered S.gnals by (W(2).良(2))

(h) い)

Welght for Each Samp一e Point

hl (k)

Figure 6･7･ For dataset 5, (a-C) Origlnal signals, where (a) slnuSOld sigllalS, (b)law-tooth

signalSand (C) Gaussian no撃(d-e) Mixed signals･ (f-g) Recovered signals by (W(1)･ ji(i))

(h-i) Recovered signals by (W(2), A(2)) (j-k) Welght for each sample point at step 1 and 2,
resp ectively.

scatter plot of mixed signals are shown lnfigure 6 8(e)･ In the scatter plot, we see that some

data points are overlapped between two clusters Figures 6･8(f-g) represent the recovered

voice converslOn and background musIC noise, respectlVely, by the proposed method, ln Which

we change the scale of the recovcLrCd signals to compare with the orlglnal voice convcrsat10n
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Orlglnal SlgnaJs
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(b)

Mixed Slgnals

(｡)          (d)
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(e) Scatter plot of m'xed slgnals

UnmlXed recovered slgnals by the proposed method

-oo_碗-oo_妻o*o
Figure 6 8. For dataset 6, (a) Origlnalsignals from a voICe COnVerSatlOn, Where the rectangu-

lar box?s represent the voice Of person 1 and the rest are the vol?e Of person 2 (b) Original

musIC Slgnal (C-d) MIXed slgnals obtained by the mlXture Of orlglnal Ⅵ〕lCe Signals and music

signals (e) Scatter plot of mixed signals (f-g) UnmlXed recovered signals by the proposed

m(〕thod

and music noISe eXpllCitly･ Comparlng recovered conversion wlth the orlglnal olle, We Can Say

that performance of the proposed method lS good ln Our Current context We obtalned the

above results wlth two steps At step 1, we used β - 0 45, alld at step 2, β - O 45 wlth the

same procedure as ln the previous example by K-fold CV Figure 6･9(a-b) show ,ecovered

signals by the estlmate obtained at step 1 and figure 6 9(C-d) show those by the estimate
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Recovered SLgnals
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Scatter P一ot of Recovered slgnals
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Flgure 6 9　For dataset 6, (a-b) Recovered slgnals by (W(1), P(1)) (C-d) Recovered slgnal

by (t4'(2)･ ii(2)) (e-f) Scatter plot of recovered signals at step 1 and 2, respectlVely (g-h)

Welght for each sample at step 1 and 2. respectively

obtalned at step 2　FlgureS 6 9(e-f) represent the scatter plot of recovered slgnals at step 1

and 2, respectlVely FigllreS 6 9(g-h) show the weights of sample polntS for estlmatlOn at Step

1 and 2, respectlVely The voICe Of person 1 was recovered by the estlmate obf,alned at step

1 The welghts for mlXed slgnals of the voICe Of person 2 were almost zero for the estlmatlOn

at step i By the estimate Obtained at step 2, the voice Of person 2 was recovered and the

weights for mixed signals of the voice Of person 1 werealmost zero for the estimat10n･ The

value of TI was 0 91 when the sequen如I recovermg procedure was termmated
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Plots of ObJeCtlVe Functions With Respect to w for Sub-Gausslan Slgnals

( a ) z IS generated frorTI Unifom DIStTlbutlon　　　　　　( b ) i IS gene柑ted from UnhrTTI DIStrlbutlOn
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Figure 7.i (a-d) Plots of objectlVe functions Wlth respect to recovering vector w for sub-

Gaussian signals. (e-J) Plots of objective funct10nS With respect to recovering vector wfor

supper-Gausslan Signals.

7.0.2　Dual FastICA

Let llS COnSlder an altermatlVe Idea to FastICA by orthogonal decomposition of the prewhitened

random vect,or I as

2-yw+(2-yw),
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二20fo*oe.dSlgnals_:5bo*o｡
FlgurC 7･21 (a) Orig.nalsllb-GatlSS.an Signals (left) and imptllsIVC noise (right) (b) Globally
mixed slgnals or Whitened SlgnalS (C) Recovered signals by DualFastICA

whlCh i-plleS IIzII2 - y2+r2, -here r - (llz''2 - y2)1/2･ The ai- ofDu?. FT,CA algorith-
lS tOfind an orthogonaldirect10n W forindependent components by maxlmlZlng the objective

ftlnCtlOn E†士G(r)), that lS

諒- argwmax Et士G(r))　　　　　　(76)

where w is aunlt Vector ln Rn and a(r) lS the contrast function Our proposed cont,ast

function for robust ICA is

C(㍗)ニーexp仁r2/2)　　　　　　　　　(7.7)

Figure 7･012 represent the vallle Of the obJCCtlVe functions Et-a(y)) and EトG(r)) with

respect to w - W(0) - (cosO sine)Twith 0 ≦ 0 ≦ 27T based on the ｡｡ntrastfunctl｡n5

proposed in (72) and (7 7), respectlVely･ The solid line with marker style (+) and the

dotted llne Wlth marker style (*) represent the value of the objective functions ELG(y))

and E(-G(r)), respectlVely･ Figures 7 0 2a17 0 2b and 7 0.2cl7 0 2d represent the value of

the objective functlOnS EトG(y))and EトG(r)) for prewhitened sub-Gausslan Signals gen-

erated from uniform distrlbut10n and beta distribution respectively Figures 7 0 2e-7 0 2f,
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( a ) Onglnal Slgnals
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Figure 7.3. (a) Orlglnal supper-Gaussian Signals (left) and impulsive noise (rlght) (b)

Globallymixed signals or Whitened Signals (C) Recovered slgnals by DualFastICA

7 0 2g17.0.2h and 7 0 2i17.0.2j represent the value of the objectlVe funct"ns Ei-G(y)) and

E仁G(r)) for prcwhltened supper-Gaussian slgnals generated from Laplacc- Exponential

and Gamma dlStributlOn, respectively Fromall FlgureS discussed above. we see that be-

havlOr Of both objectlVe function arealmost similar in some cases and symmetric in other

Cases Therefore, performance of both objectlVe functlOn for robust ICA should be slmilar or

symmetric From the sltuation dlSCuSSed aboveっwe consldeT Dual FastICA･ The aXed-polnt

lteratlOn based on Gradient method for (7 6) lS

- - E(芝g(r)弓　　　　　　(78)

under the constraint llwH2 - 1. The basic丘Xed-polnt iteratlOn ln DualFastICA based on

approxlmativc Newton lf,eration for (7 1) is

- - E(:g(r,車Eくま(1+質)g(r藩,(r,)-　(79)

under the constraint llw"2 - i, where g(r) - G'(r) - rexp(-r2/2) and g'(r) - a"(r) -

(1 - r2) expトγ2/2)I
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