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Multi-view Fuzzy Clustering Approach Based on Medoid Invariant Constraint
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Abstract: As for multi-view datasets, direct integration of partition results of all views obtained by traditional single-view clustering
approaches does not improve and even deteriorate the clustering performance since that it does not consider the inner relationship across
views. To achieve good clustering performance for multi-view datasets, a multi-view clustering model is proposed, which not only
considers the within-view clustering quality but also takes the cross-view collaborative learning into account. With respect to within-view
partition, to capture more detailed information of cluster structures, a multi-medoid representative strategy is adopted; as for cross-view
collaborative learning, it is assumed that a medoid of a cluster in one view is also a medoid of that cluster in another view. Based on the

multi-view clustering model, a multi-view fuzzy clustering approach with a medoid invariant constraint (MFCMddI) is proposed in which
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the invariantan arbitrary medoid across each pair-wise views is guaranteed by maximizing the product of the corresponding prototype
weightsin two views. The objective function of MFCMddI can be optimized by applying the Lagrangian multiplier method and KKT
conditions. Extensive experiments on synthetic and real-life datasets show that MFCMddI outperforms the existing state-of-the-art multi-
view approaches in most cases.

Key words: multi-view clustering; multi-medoid; medoid invariant; fuzzy clustering; collaborative learning; MRI segmentation

B2 A AU, i B R RIS R 2. FARIE 5 AL 33 DL R A 58 W 2 425 4 45, 20 8 45 HA IR I 9058 e 1) 4
i, B ES s VR CRAE XS ) 2 AH [R) IR AHL I SRAE 1R 1 5 (CREARR R 2% [B)) A7 7 58 IR 22 57 AR T SUAFAE — 5 1R R TEK,
TXHCHE A FR A 22 A0 ECHR A5 20, o A AR TR ML YR AS AT SRR 43 BT IS A I ) R PR Fi v A5 AE W] LA B — A
FLA A WU B T B8 1) 8 B R AIE T A 853 A — A AT S5 3 BT RAT & 7 Bl SR I N RS R TR P R
RRAB P AT A5 B R W] LABE 2 R R I AL A 0 T 2 00 A0 B 5, B8 H T 825 o) VA RIS A
PRA 27 2] BN T2 8 O I AR 45 R A5 R AELE N 0 28T 25 AN R0 A 2 18] 118 A DG, T 3 oA 5% 14 2R R 8
T CLE R HS, 0 AT DA RS b s Bk A S IR e TR R A SR R AR LR, 22 A 0 ) 2 ) BOR B R Sk A
I HLl B 3 7 AUk [ 38 Vi (domain adaption)!!, 3T#% %% > (transfer learning)®*. F3))2% 2] (active learning)™|
% ¥ % 3] (multi-kernel learning)!®” . % ¥ 1 4> 2§ (multi-view classification)® . £ ¥ f % 2 (multi-view
clustering)” #1455 AN 471 K.
Cleuziou 5 NUOI7E 2009 4R H ) Co-FKM %4 DL S [y FCM HE Sk JERE ¥ 22 RLAA Py R 3R 2K 50 1%
SEVEIE I 5N AR A7 18] 2% 18] K1) 43 110 SR Ja8 B 240 o i, N T A8 75 45 A A0 A7 ) 2 1) 1) 2 0 S0 i S0 o K P
BT —B0IE B ) 2% 2 B H . S2 B 45 R W ,Co-FKM Bk B — E A SR vE e 9l R H i 2 41
F P TR 27 2 AL AR 22 38 1 PRI AH OGSk, FE A4S BT LAy S PR LEK.
(1) LA IBUHLE AR A DA Sk s 78 22 AR SR 58 b 1) N LR T3z, SCHR 12,1311, Jiang 55 Al Deng 55 A
N T RAR I — R AR R 2 B A o AT 0 AR AR ST 1 T8, 78 H bR o Erh 5 LN B A 00 38 3 A% K95
JSUEE A 7500 3 PR AL AR 1) - L A 05 e A 45 A 0 (R R S, DT SRS e (14 4 JR Kl 43 s Tzortzis. 2 AU
7£ CMMs FEIERE 151 AF A B K1 Y, 9K 20k T A B A0 A0 10 21 56 3R, 4% il o 7
LR GAE R AR — 0 HUABL AR B8 K ) R (138 B 375 A0 7 AL [H 1 (i Chen %5 AU k-means &7 (1)
LAl AR T TW-k-means S92 506 R H B RBTBEAT B B X2 DB R T 0 R AL Ah 38 X 4F
KA P I REASEAT AL

(2)  IRAE B AZAH AR SR B 7E TN 20 R (must-link BY cannot-link) T, 38 i3 &N W A AN i 2%
2,75 AR R 249 R IR o e o B 1 A AL S AR T P[] 2 3 HARR VA & Eaton 25 AU7IE
Co-EM % SJHESE R 48 th (1 2 T AN 58 A A AR JR LI I 22 40 A SR 2R k.

(3)  HRAE ) i B L HOHL. 7 AL T SRS 1 2 AR S b X SR R s HLAR R 12 Kumar
2 NSV K 3L T co-training A1 co-regularization 43 A [ Pl 22 4L £ 115 58 S A3 I Fh B9 0400,
] — AN REARTEAS T AT 23 45 0 40 31 R — A5 o, DR 70 AT 8 o 3l I AN TR A1 R AT o) =22 1)
— B L AORAT S AN A R o T B

X3 R A% 23 BHLERIZE AN [ 0 R H 32 5% R 3 % B IR 3 AR 28 G R b, SR A 4 AN A0 A AR AR AE 1)
S (1 TR ] W R — ol A A e R AR AT 1 i A B SR s e A D 5 ) R AT ) — B0 2 R S
JoU_E IR TE 2 WA P R) 2 ST R b SR A (R AR T 5 4 A 1 — B

2R R AR SO P T AR AR B 2 R 22 W A BRI 2R 2K B (multi-view fuzzy clustering with a
medoidinvariant constraint, {&j #8 MFCMdAdAI). 75 1% 57k 9, #5145 #4038 1 2 A0 25 (multi-medoid) 3EAT %1 i, )
AR A RS m— B R 2 P ) 2 ) il 2, B A4k 13t

(1) BT 3REUS A == 5 LA N AR S R A5 B R F T 2 T 2 A3 s M A 45 1) 3 S Bl I AN RE AR B &

HOR 220 0 A5 A A A 1A AR ST AT R
(2) T AEZ A R SRR AR SREORERR Bk, AT, [F - FEARTEAR R AR AR A AL
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HRENZ S/ D BT IRATE B3R I T 2 W0 A0 R BT A2 BRI H b R 550 eh 2 T4 R 5 1 I
FEF 7= 2 e T A A P9 39 ST DA s 2 8 43 T AT A 2 18] ) B2 88 2 R ik 38 /N 3R 2R A Y
(55 2 T TR FE AR R RER S K — B0k O 7 {3 Ph S0 BE 80 5 1 SR gt 3R TR P WU A 1) 4 1 440 3R
11175 X (pair-wise constraint), Rl JT 5 FE A TEAH SR PE AP A T 1B 22 300 e FR 2 FHids 318 K BRI R
RUZE SR D
(3) TEZ WA BRI IRl M # T MFCMAAL 553k, 35 28 HY T 5209 1 0 R R0 I 7] 53 2% B8 23 by
MFCMddI 53 RT3 A 29 A Ok il 80300 5 |\ i B H 3fe 7R KKT 45448, R F SR AR AEL 1 7 v2:45 31
AR AR SR B AR AL 2 H 00 3 A ), 38 3o 304X T3 R A5 AN R AR e P P 7 45y 5 ) P
JICR £ 3 4 R K 4
AL o R v DURRSS oA LR JLAN 77 1
(1) $RH T —F0OHT I 2 000 SR SR SR £ 2 B T AL A Y AR G3 5 e DL B A A TR Rl — 30 R
FAARER s — B A Ul AT 2 WA T B[R] 2% 2.
(2) FENTAEMBLCHARE AT RESEH, 5050 45 R R W1, BT HE 10 22 3090 SR SR At 1 Fo At 59k it
A —ER A
1 ZMABELERE
1.1 o) @ik
Uy Z VN HE 4 D={D,,D,,....Dmy....Dp}, H D= X mXams- .. Xnm} €R® IR ATLE d 4EZE WK EE m A
TR 055000 P b A0 A N A s B mh R AR R 580 AN WA 10, 25 A 0 A IR 170,359 A KA ST Ak 381 1 22 R £
KA, BT R A U6 WA TR RE A K A S5 5 % 2 0 A B B D R AT O I R 2R A ) A7 AR KRR (i ey
TR AREA TSR IRE A AT R 43, 48 i S HRE ol B 5 S 5 130 4% AL £ ) 5 F 4 R R PR 3l it e 3 BT
B2 FE AN 1] LA P BRI o 5 DA R AR A 22 TR PR P I 2% SO LB i B A ) L BRATIHE S 1.2 TRt T H
T2 AR X A
1.2 fERE
T ROR 2R S 1) JEARL T B2t 1) 22 AR SR SRR 1 L b A by T SRR AN R A 0 B0 S5 i B A B W, SR i
) FH 4 ISR I 73 3810 4 SR 1 S J 3 0 B W AE 2 ) W, B AR R SR ARG BT IR L TR A 1.1 TR B P A 1)
DR FRATTHR H T L 1 2 WA SR SR AR T
I#) =TI~ B, D I (M ) (1)

m=1 m=1

Forp P RS KL 2 (1) T LA H IR ey 3 4L
. iJ'(Tm)Fﬂﬂé?ﬁiﬁﬁTﬁi‘%ﬁﬁﬂ% T, 3 ()RR EE m AN R 2 TR, SBOR SRR Z T

m=1

(1 P 2 /I, 3t B el o £ o
P

o D (Ml ) SR A 2 TR A B, e M ey B B m AL A m@1 N T AT 0 1Y
m=1

FEAR T RAUM AN AL ILAEBOR, B m R m@1l TREAERBE/DNmMOL RR#H 1<
m<P, ] m®1 & m+1;4& m=P,l] m®1 H 1.
Tz R AT LA B b 2 il SR A 1E 0 ¥, A J(Pik Bl /N 4 T R Z AR B AT 3 — P )
a1k,
1.2.1 BANRI
SCHR[20] 45 H, H B AR £ (one-medoid) >R & 78 — AN AR AT AT A AL LA I 0 A% 1) &5 R SRR A T R T 2 AR S
(multi-medoid) % 45 44 3% 7 5B W] LASREUTE 2 18 1 45 1 05 8O0 T 303X b 22 AR S g8 B8 Jon — R e, T BAA A 3
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i 1 BB A FE A A T RE 1A 5 AR A T R] BB vl AR A 0, 171X ) R ASU T 28 50, A F O (i
R AZREAACTE I P AL 5 () nl e MR o DR 0, D 1 SRIBCvmt Jot o (A 40 #70 P Kl 20 £ e /N AR AR 22 T 18 B T 2
5 FEFEAS (RS S s P52 AN A A BT 28 2 A0 A P ) 20 18 5 2T DG S A4k G 1 H A bR R 3RAG.

, K N N Aﬂ K N ) Ag K N )
J (y'/m) = ZZZWci,mgcj,mTij,m +7zz(l//ci,m) + 7zz(gcj,m) (2)
c=li=l j=1 2 c=Ii=1 2 c=1 j=1
K
st D Wem=1Vi,vm 3)
c=1
‘//Ci,mZ()?vcaVi’vm (4)
N
D0, =1vc,vm %)
i=1
Gjm=0,vC,Vj,vm (6)

For, O m RRTEML A m R REA X AR ¢ AR (RIRE AR RED); woim RARTEVLA m T FEA x; 8 T7% ¢ 1
FRORN s J J3E AN 24 302) b T U 1,0 (W) 3 J00R B 56 1 LR R A m 0T R A (1 BE 29 2 R 56 2 TURISES 3
00K Weim R O m K] IR LI RI, H IR 2B R S22 A0 BE 7 .A R A AN KT 0 1 280 (R RE 58 1 T00RI 2 T
55 3 T AN ~P-A B2 058 2 30, 35 3 TR T AN H A oR B IR DT HR.A (BB O AR S T AN [ 72 1) SR S
HEHCIEE S UV SN e S NG I iy BT
122 LA AR i — B (22 e 4)

N T RN AR ER A2 ) 22 5 Pk (medoid  invariant, i FK MddD), 6 T #% ¢ AT RAACE S x IAERL A m
FIALAA me1 N i —Ei B B bR vl a2 (7).

Mddl i nme1y=Gej.mOmer, M=1,2,...,P, j=1,2,...,N, c=1,2,... K (7
AR M gi (m meon) A B, B B AR 2 X FERL S m AR m@1 T 1) 22 Sk Oy TAE A (D FTs i B

P
b MRS A o ML T R 37 (M 01)) 37 (MAG o) 1T S
m=1

K N K N
‘] ”(Mddl(m,mel)) = zz Mddlcj,(m,m@l) = Zzgcj,mecj,meal (8)

c=1 j=1 c=1 j=1

BT RN RIS BRI R R AR A TR R B (sl /D A A T AR 36 5 22 S vk ) mI DA BB AT SR R R A AR
F R 228 T AR IR I R R B A B 5 TR AR R K=2. 5358, T A ()R weim LK, AR AN
LA DR R RE AR A [ (0 3R b 2, AN R I B — MR AL IRATH Y=(y Ly Boam — MEEAF LA T 11
AR AR R P(mEmie) RN ALA | AIALA 11 2 (AR SR A 22 et oy Ly, e (1,21, I<ISP.HF
JITER R I SR R BRI A0 T SR FH 1R — T 22 AR i 3R s SR RIS BT A AR 36 21 e 7 IR AR AL il
REANFE A 3 i B 2 B0k 32 /s AR M /N 2 atk W0 Ay P 5 g A 5B T el R 3 B R R MOk 2 i PO R ik,
P(MzMig ) SEFw L SO B SE R A | RIRL AR 11 % 45 0 7 S bk

EX LBAMBEER), WRAAE - NRBBEB AERM | EHLKH PM=EYLY)Y=(YLYy))>1/2 5
P(MEY 1LY ) Y=Y 1Y) < 172, A R B FR 5 A0 A8 |1 1) 2 (non-invalid) 5E LY.

TEN 2(FEFEEBFHATRY), W AT — DR AEAA | EIFEAT T8 R 100% 09 1838 A 5 28, 0 FR i A%
71424 4 56 5 (non-perfect) ALY

TEN 3(FMIMITBRAERY). W T | FIR B my FIAL A 1D1 1R R mygy, U S5 A2 LA £ 1

P(ml :<91’92> | M, :<y15yz>,Y :<y1>y2>) = P(ml :<y]’y2>’Y :<y1,y2>) (9)

JUFR my Ry A& P AN S AR 0 SRR IL TR, 9,9, Y, Vs € 41,23 3 B 0 R 2, FAT A58 AR e 03 %
KFR—NRIBAAETE— AN B IR IGE RS R I TR S R R b i R A T AR A,
M2 22 AR AL I R AR AR A AR 2R A A T R B e, 4 B 1) B 2K 0 (b 28 L g i e i 13k 3 AN X,
WAL B 1 R HAEW.
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EIR L AR AR B B R 0 L IS AR s ZE M P(Mizme) ) A R R AR TR A 5 38 SR SR 7Y
TERLA | ARER AR 22 (17 4% E .
TE A SR ISBER my (AR A5 U AR 2 T AR R
P(m, #Y)=P(m, =(1,2),Y =(2,1)) + P(m, =(2,1),Y =(1,2))
= P(m, = (1,2),M,g, =(1,2),Y =(2,1)) + P(M, =(1,2),M,, = (2,1),Y = (2,1)) +
P(M, =(2,1),m g, =(1,2),Y = (1,2)) + P(m, = (2,1), M, = (2,1),Y =(1,2)).
T my I My Z TR 5 22 3P P(mpemyg) ) T BASR IR
P(m #myg,) =P(m =(1,2),mg, =(2,1))+ P(M, =(2,1),m, =(1,2))
= P(M, = (1,2),M,g, = (2,1),Y =(1,2)) + P(M, =(1,2), M, = (2,1),Y =(2,1)) +
P(M, =(2,1), My, =(1,2),Y =(1,2)) + P(m, = (2,1), Mo, =(1,2),Y = (2,1)).
R, 29 T 3E B P(mY y<P(Mpmie), B AT 75 30E B 2 3 (10) BT 7R A 26 5 v BTy

P(m =(1,2),mg, =(1,2),Y =(2,1)) + P(m, =(2,1),myg, =(2,1),Y =(1,2)) <} (10)
P(M, =(1,2), Mg, = (2,1,Y =(1,2)) + P(m, = (2,1),m o, = (1,2),Y =(2,1))
MR s X3 K0 DL s B 24 3G (10) il BACS B =R D) T 20T L
P(m =(L2)|Y =(2,))P(mg, =(L2),Y =(2,1))+ P(M, =(2,1) |Y =(1,2))P(mg, =(2,1),Y =(1,2}) <} (in
P(m =(L2) |Y =(L2))P(Myg, =(2,1),Y =(1,2)) + P(M, =(2,1) |Y =(2,[)P(mye, =(1,2),Y =(2,1})
M & X1 FsE X2 w] 4
Pm =2 Y =(2,1)) <P(m =2, |Y =(2,1)),
P(m =2, |Y =<1,2)) <P(m, =(1,2) |Y =(1,2}), ] (12)
P(m, =(2,1),Y =(1,2))> 0, P(m, =(1,2),Y =(2,1)) >0

WA (10) B, B P y<P(mpemyg). B, 5 X 1 4 0 i G 0. 0

S TAE— R g, HAERLA | 2505 © o1 U BUT R H0O0 0, D5, P 1 LRI G 1) SEAT FE B,
B Py 1)< 21 G G 11) A5 5 2., 0 O 17 B S P(memy ). DR A 1,28 508 5 . 10 o K A
11 26 28— B T AT A B A 0 A L 0 BER A2

2 MFCMddI &£

21 EREMREAM LR
4524 )12 @Y A2 (1), BV T 7351 MFCMAAT S350 47 B8 5, 10 2 5R(13)91 75, JE 20 o 4 A 24 5
@)L B AR -
P K N N A// P K N Ag K N P K N
J(_‘P) = Zzzzwci,mgd,mrij,m +7222(Wci,m)2 +TZZZ(9CJ‘"])2 — BQZZZHCj’mQCj’m&)I (13)

p
m=lc=l i=1 j=1 m=lc=1 i=1 m=1c=1 j m=1c=1 j=1
DAL 22 3BT 1 H A b 80T A JR A — N A AL 198, 38 o 5N i B T 3fe 3~ M KKT 26, 7T A
328 2 XA P KA H b e 2
N P K K P N P K N P K N
L=J+ Zzﬂ’lm [cz;l//ci,m - IJ + Zzé,c,m (Zlecj,m - 1] + Zzzaci,m'//ci,m + ZZZﬂcj,mgcj,m (14)

i=1 m=1 c=lm=1 j m=Ic=1 i=1 m=1c=1 j=1
2 AV A g s G B 25N B B L 7 T 45 S0 SUSR AR 20 101 A5 B
IR 2. fELEMS m T IR ARCE REGERE On, 2 N (14) T 2 BLAEAL H A bR BB A AR IR 75 238 AL 1)
E-Z 5"

0, ceg,

Veim = 1 1 1 N *
< _AV[Zacj,mTij,m T z zgcj,m’[ijsm]’ C&n

[9n |

(15)

= [ On | {oe 11
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Hodr, gt Al g, @ Lk

gr; :{C:l//ci,m >0}7 gr; :{C:'//ci,m :0} (16)
i B KKT 4 E A (A7)~ AR,
oL
6l//ci m -0 (17)
Ol m/O (18)
Qei,m Wei,m=0 (19)
e A XA A X)L R GAF IR, T LK
1 11
‘//ci,m = K_K’gci,m +A//|:K;(‘9fi,m + afi,m)_aci,m:| (20)
vy,
N
=205 mTim 1)
j=1
A (18), 7T UM ELR AN T7 i AT %5 8.
(1) M agm=0 I, 2 (20) AT LALTE K
‘//ci,m = K A,, ‘9C| m A/ |:K Z(‘gfl m):| =0 (22)
f=1

(ii) HRHE A AT KKT A, 2 a0 1, i, =054 im0 I, =0 P I B 245 SRS (4), 4
AT IEHAN T, WA XA PR AT ce gy, wein=0;24 ¢ € g, I, Wi >0, B et n=0. 8 11, 24 20 (20) AT LA R
50

l//ci,m = Z ‘9f| m + z ('9f| m +afl m):| (23)

7_i‘9u mt
KA KA, Lgm fegn
T ¢ e 0y, Weim=0, ORI 24 20(20), AT LA Y i - ati m, HERAF N

Z (Lgfl mt g m) = T (Ay Z 'gfl mJ (24)

fegm m fegm
| gr [ F1] 9, | WZRIR g F g, T A4 P“iﬁ(zl)qﬂxz\iﬁ(m PR AN A (23), 34T AL TR A 91, B
A4S ) A (15), 80w M 2 TR (1) dl T O

R 3. L EMMA m T IREAO SR BB W, 22 (1) I L BLIAEAL b o8 B B0 I 7 22306 A2
s B AT

0,jeh,
B, 1 1 1
700'm T 0cm _7++ T b y/lmlm y/mmlm
Ag[ AT |z e |hm|J [h | Ag{m |f§+; e Z ]
jeh;,m=lorm=M
ch,m: B 2 ] (25)
—-| 6, me1 + 6. + + 06, -— |+ +
Ag[q,m@l cj,m-1 |h+|f§( cf ,m®1 cf,m—l) |h;J ‘hr;|
+ zz‘//flmljm zl//mmljm ’JEh 1<m<M
Ag |h o im1
Horp, by A hy B 5E AT
:{J :ch,m >O}a h; :{J :gcj,m :0} (26)
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UE BT B 3 MR vk S B 2 B AN ), 75 B AR R 1 A (L) TEXT Oy m 3K A 2N, 2253 m=1 Al
me=1 P AT D00 0l 0 18, UE B Rl FE O

T g F g XA A 0 R4 J7 20K F SCHR[2 1] BT ish e 1 S ms, He sk #2400 Procedure-G .

Procedure-G

Step 1: Initialize g, ” =4, g, =1,2,...,K, t=0.

Step 2: t=t+1, g;“) gm(t D dry, gm(t) g;](‘ D —{r}, where r =argrmn{Z:9CJ mTii, m}

cegp™! j=1

Step 3: Check whether w4 >0 computed by Eq.(15) where f =arg max{

cegh®

N
qu i, m} If yes, go to step 2, else

j=1
set gn=0,""
X hy F by AN 1R 53 T 20 R B L3 TR 1 3 s, JL G F2 4 Procedure-H T 7.
Procedure-H

Step 1: Initialize h’® =¢, h(V =1,2,..,N, t=0.

, 0, =0,"" and terminate.

Step 2: t=t+1, h'® =h'*V 4 h©=h D {1 where r= argmin{Zy/ T m}

N
jehn®D L=t
Step 3: Check whether 6y >0 computed by Eq.(25) where ¢ =argmax {ZN:WC, mTij, m} If yes, go to step 2, else
jehh® L=t
set h=h!"" h =h " and terminate.
22 BERREMERE DN
MFCMddI 35 R I weim F O AH HLAEAC I 7 2RAUAL F A5 B0 25, R — A AR 6 SR AR 53 A — AN X B 3k
MIFEHIEEA Wi, IR TG KR O .73 1, 2SR T A AE B ) 2% 2 (A K (25) IR T AE SR AR Oy IS AR A AR
i1 AR 2 SRR Z2 50, IR A ST 2 B0, T B wii m WA K 2 S0, I8 75 RS Oy o HEAT W UR A A SCHR[22]
P TR A B b R SR TR SR, i SR TR A A SR B 88 (19 5K P AR SR AR AN 2 R) 1) 23 A EL R A A
PRV 1 AR AR AU 1 B 2 FOAR AR A B 28 2 Rl /N KRR AR 6T () e vh AR 26 A 1 I 8 LB AR 3R s e
T RFEA B, MFCMdAdT 530 A 503X R af A0 S, 1 e b 55 1 AN HLAA I i m P Gy m(mM=1)EATHI 2640, a0 SR AE
LA 1 A% ¢ BP0 =2 X, T wei =175 U, i =0, R FE 1B, G0 SRTEAR A 1 R 5% ¢ B0 X3, G =175 T, B =0.
XF T 2 A BT T AN AR L TDRE A R0 YOG 2 CAR A, PSS 1 SRR AR A 58 2 5 Al A £
HER AR 1 AR IS5 R R B 02 A A3 78 2 WA P R SR S R o [R) — AN AR AN IR PR R R —
EUHIBR R G 5 . 2 SEVE WSO, w] DLERIBCEI AL R BOARSOR ) 20 RE K — SR i, I DU o o 55 3 LA 249 48 K
SRICA Ja) BSR4, A SO R IR R 0 42 R S s, B

=01 27

Forp, W SRR m RO R o0 RE B, AR o A R ORI I 43 E B ) AR 40 B A MPCMAdT B34 an 403 1 AN
L 2 PR,

& 3£ 1. Initialization.

BINGE AR BE S AR . AN KL FL L P.

it RN R AR (R0 R ASER) S5 I 5 R R P AR RO R O;m=1,2,3,.....,P.

e

1. ¥=0, ®=0;

2. Select the first medoid of view m 0,=f, where f =arg manru =
ISj=N =
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3. Medoids set O={0,}, t=1;

4. Set yir1=1, w,=0 with j=1,2,...,N, j=f;
5. Set 6,=1, 6;,=0, with j=1,2,.. N, j=f;
6. Repeat

7. t=t+1;

8.

f = argmax min 7, ,;
Ogi,12
I<i<N;x g0 ISS<[O]

9. o=f, O=0u{0};

10.  Set wi;,=1, w,1=0, with j=1,2,...,N, j=f;

1. Set 6;=1, 6,=0, with j=1,2,...,N, j=f;

12. Until (t==K)

13. Form=2to P

14. Y=%, On=0;

15. End For

3% 2. MFCMddL

B N BRI IR B B AR B M n(M=1,2,3,..,P); AN KL EL PP TS50 A A B I AR 111R 2 em=1,2,
3,.. PRI ALAS B & LAV IG T P AT O,

A LA SRV ROR SR i A B

LR

1. Set iteration number g=0;

2. Repeat

3. g=q+1;

4. For m=1:P

5. Update @ using Eq.(25) based on ¥%";
6. Update ¥ using Eq.(15) based on @'¥;
7. End

8. Until (J9-39 <y

9. Compute the global fuzzy partition matrix based on Eq.(27)

7E MECMAAT HIEARAT Z BT, 5 BB AN 102 K R en] iy P 2 B A (KR I BEE A, AT AT T4 H
T B8 S AN IZ AL TR TR, B o JH T 428 A0 A T AR SR A — B LY SR SR A 7 A & 2 TR T, 7 AL 2
FNEIGE DR FRATTEY 55 A0 A7 2 BV IUE SR 5 RU:A=A , N/K,B y=A/2.

MBI 2 (A Ha) U H MECMAAT S35 R I 8] 5228 B by 9 08 23 K40 i, 2 300 DA T SRS R A B AR A 22 1]
(9 S 120 JTT 04 P B 1) LA 3 S RS2 T Y0 P F IR SR A 2 TS 80 () I ) B2 2% 8ok O(NPP), 36 AR o 2 1 i ]
SIRPE N O(PNK), DH i 3 b B 1) i R) 42 2% 13 4 O(NPP+PNK), L rp P RARMLA BN SRR FEARL K Rk
8

3 KBESH

31 RWEE

H T VB MFCMdAAT S99 2 WA 3008 4 B IR 2R 28280 1 R W A 0 R R 28 B IR B4 4 B b AT S0 0, 6
(1) N EHRAE;(2) FLSEHRAE. 5y 41, 3K JIr $ HH 1R B30 30 I T 380 i 1 L4 BG83 b ok T S B
P B 0 A, T B AT 56 1) A1 SR 2R FCMAdPP N 22 4L 11 S8 25 59 MVECMdAV™®), TW-k-means!'®,
CoTrainSpec!'!'!, Co-FKM!"", WV-Co-FCM!'?)| MFCMdd-RWG-PP*E g i b 5356, 318 Fl 8 4% NMI(normalized
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mutual information)* ! ARI(adjusted rand index)P k4T 58 220 5 O PEM, Ho b NMI 25 T15 B8, ART 2 T REA
XL A E N
RV B S N RN, R7R IR REE A IS | MRS J LI | MR G N; 1N,
G TR IR AR § AR A | AR R A E )
M1 = 22 Nylogy (N Ny /N; -Nj) 8)
\/(Zi NiIng(Ni/N))'(zj N;log,(N;/N))

z(SH=RE L)L)

ARI = (29)

1 A B A B N
=BG
(Jrﬁ(/_\\:ft(29)ﬂiﬂ,(::] ﬁA 20Ny By =27 Ny NMI IR DT [0, 1], K, 37 SERAOCR

U AR PR IRCE DX 1) 24 [—1, 1], [A) A 2 (1 K 3R 7 SR RS 4T
765 B LR G 34T 4020 4 B, B AT K B DC(dice coefficient)fil JS(jaccard similarity) K34 20 #1 A 2L
JRTLEBe A R By 43 SRR S B A | ANFERELSEES | ANFE, U DC AT TS 5E X R

CTIAI+]B]
ZMUBl Gh

o ,C RN | R RS P TR I BLDC A1 TS [ BUE X )3 24 [0, L] (E RO, 37 SRR A 1 ket
FESZHGF 73  MFCMAdI §7.30% 5500 EU S0 ) n] 8 2 800 R T I R 13 2 SR O &5 S VR Fabs AT 2 805
B, % S35 R DA VI R 0 5 A SR L3 1.
Table 1 Parameters setup for MFCMddI and comparison approaches
% 1 MFCMddI F0f HL S 2 B s s

Approaches Parameters setup
FCMdd, . min(N,D -1) .
The fuzzifier m: m=_——"25=2"") where N(N>3) and D(D>3) are the size and the
MVFCMddV, -
Co-FKM min(N,D-1)-2
WV-CO-FC’NI, dimension of datasets. Please note that when D< 3, the optimal value of fuzzifier m is

MFCMdd-RWG-P optimally set using the grid search from {1.1,1.2,1.3,...,3} according to Ref.[28]

The parameters A and 7 are optimally set using the grid search from {1,2,...,30} and {10,
20,...,120}, respectively

The optimal value of parameter A is optimally set using grid search from {0,0.01,0.02,
0.03,0.04,0.05,0.06,0.07,0.08,0.09,0.1}

MFCMdd-RWG-P The parameter S is optimally set using the grid search from {1,1.5,2,2.5,...,50}

TW-k-means

CoRegSpec

Co-FKM The parameter 7 is optimally set using grid search from [0 E} with the step 0.01,
s K

WV-Co-FCM
where K denotes the number of clusters

MFCMddI The parameter A,, is optimally set using the grid search from [0.001,0.8]
ST T IR SR S5, 43 S sk 50 YR S0 45 L1 5 VE I PR AR (07 SR bR vl 22 1 S vk e VP AN S
153847 74 9 Windows 7,CPU 2y 15-4950,4 #%.0x, 77 8GMATLAB 7 & R2012b.
32 NBHIREXR
AT HAE MFCMAAT SVELE R A A (0 5R1 40 I8t DA BRI A AR T — SOE 2 R s R v s g e i 11 1 B

N T 854K DS1.DST A7 2 ML R A AL & 3 11 AR, P FEAR 1~FEA 4 8 T R — %, LR AR
JET A4 e 1.2 TR B SRR R T 40,24 B =0 IF, MFCMddI Bt B3k T 2 A3 U B £ S0k
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B, 8 T B AE MFCMAT 78 A0 A P Z1 i 5 45 01 0 3 3 B0 A -1, 91 5 TN SRR AR A 2R 2R A0V FCMdd, 5
AR AR P BEAT BB 3.2 2 45 7 FCMdAd AT MECMAdI ZE R -1 B84 .

12+ 26 6 . bl
L1t 8 B
: 11 e
T 1@ 5P @4 [ 5@ .’ ® 10
0.9+ 7/ il
q L L L 9
0'-81.5 ’ 0.5 0 0.5 * L5
X
(a) MA-1
1.2+ 2@ 6@ 8 *
. L1E 11 B
- 1@ ® 4 [ ] 5@ .£ B
0.9+ 7 \ B
3 1 1 1 9 10
0‘-81.5 * 0.5 0 0.5 * L5
X
(b) MA-2
Fig.1 Sample distribution of DS1
1 DSI1 IFEARS i

Table 2 Clustering results for FCMdd and MFCMddI on view-1
% 2 FCMdd fil MFCMddI 7/ERLf1-1 BSR4 R

. . FCMdd MFCMddI (B~0)
No-of objects (1) Vi Wai Label Medoid Wiid Waia Label O1is )i
1 09441 0.0559 1 - 09323 0.0677 1 0.2132 0
2 0.9628 0.0372 1 - 0.8933 0.1067 1 0.229 1 0
3 09627 0.0373 1 — 0.8933 0.1067 1 0.229 2 0
4 1.000 0 0 1 v 0.8505 0.1495 1 0.247 17 0
5 0.0258 09742 2 — 0.1543 0.8457 2 0 0.168 4
6 0.0291 0.9709 2 - 0.1070 0.8930 2 0 0.153 0
7 0 1.000 0 2 v 0.0928 09072 2 0 0.194 2
8 0.0031 0.9969 2 - 0.0838 09162 2 0 0.191 4
9 0.0211 09789 2 — 0.1070 0.8930 2 0 0.1530
10 0.0248 09752 2 - 0.0646 0.9354 2 0 0.1400
11 0.5375 04625 1 - 0.4963 0.5037 2] 0.080 8 0

MFE 2 ] LLE HL FCMAd JGFEAR 1~FEAR 4. FEA 11 R4 b — 2B b5ie sk LI RREA R 4 55— %
AT 2; AR A% 1 AR KON REAR (PR SN hRAT, AR 5 <=0, 5% 2 AR R S REA 7.
Ty A AT A2 I A R I, PE FCMdAd AR AR E T I TR R TR N LB po=1 X P L AR
MFCMddI HHEAAETE, 7 MFCMAAI 7, HE AN SR B AT d5 K ORI AR R B A S K I w BN e f% | B 4 AR
K 1 TS v, AR HE T 1 IR AR TREAR I~REAS 3. R B %t B0 A Je DRI ] LU 45 fan F JL s

1) 7E FCMdd " AR U 12 B 5 I BE 29 804 0,4% ] FCMdd HH A9 i Ja B i b 505 vk SEBORI S s ) 8
RA LIRTE 2,0 FCMdd 5 — AN 18 S — AR AR TR 2 B4 B A T BE a8 T LA A%

5 FCMdd A [R],.7E MFCMAAI 32EAT #8571 3 Rl 23 IRF, S T S 0 it e 498 Bt — AP AR A DA R A 3R A T 2
BV TR RE A 0 24 0P £ 1O AR 3R 1, R A — AR 43 FEA [R]85k I e JHL 0 A o ) T B R B, N
T S 3 ) 220 i e 45 A A0 R — A b B R B0 AR AR T e T D A — AN

W WERREAS 11 (9% 5015 5, IR BB R I ERAR 36 R 2 AR AU X A AR T 1), R bm L1 25 0 B AR R R
1 A% 2 B ERAR A v O (O RS B AR AR), B R R B HOREAS 11 B AT 3 1 b 0 T3 1B A FCMdd &I 4 1) 45
FORE FEAR 11 BRI A0 5, U REAS 11 AR AT 4 TEIT 4% B FCMAd P s g B (0 U1 507 V5 FEAR
18T/ 1 BB SR KT IR 1% 2 BRSO 3% J B 3 i W, B A 3 A0 220 00 752 48 M I A7 A0 — 52 O B I, T L

2)
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SR 1 P ICREASSE T BELAEAR rh O I Tl PP AR A SRS £ ) 70 % R A 8 S (H 2/ MFCMAALFEAS 11 B2 IE
R 7y A% 1,3X B8 2 AR n A EU AR R SRS B RE 220 1 7% (14 45 4.
T34, T W5 MFCMAI S35 76 M IR A 1) AXER A — B 20 A HEAT 22 W0 A D R] 3R 2 15 i 7 R SR Tl i 2%
5,06 DS1 _EJ3HILA By=0 LA Byz0 PIFIHE DLOK AT MECMAdI 53k SRR 4 UL 3.
Table 3 Independent and cooperative clustering results for MFCMddI on DS1
% 3 MFCMddI 7£ DS1 {37 S8 SRy ) S8 S 4 21

B~0
No.of objects (i) View-1 View-2
Viia Vi Label Ohia 01 Viia Vaia Label Oin 02
1 0.9323 0.0677 1 0.2132 0 09483 0.0517 1 0.202 2 0
2 0.8933 0.1067 1 0.229 1 0 0.8961 0.1039 1 0.2356 0
3 0.8933 0.1067 1 0.2292 0 08961 0.1039 1l 0.2358 0
4 0.8505 0.1495 1 0.2477 0 0.881 1 0.118 9 1 0.2557 0
5 0.1543 0.8457 2 0 0.1684 | 0.1509 0.849 1 2 0 0.1556
6 0.1070 0.8930 2 0 0.1530 | 0.0862 009138 2 0 0.144 6
7 0.0928 0.9072 2 0 0.1942 | 0.0778 0.9222 2 0 0.177 5
8 0.0838 0.9162 2 0 0.1914 | 0.0608 09392 2 0 0.1909
9 0.1070 0.8930 2 0 0.1530 | 0.0862 09138 2 0 0.144 5
10 0.0646 09354 2 0 0.1400 | 0.0549 09451 2 0 0.187 0
11 0.4963 0.5037 2 0.080 8 0 0.5004 04996 1 0.070 8 0
B0
No.of objects (i) View-1 View-2
Viia Vi Label Ohia 61 Viia Waia Label 0rin 02
1 0.9472 0.0528 1 0.1927 0 0.9594 0.0406 1 0.164 5 0
2 0.9086 0.0914 1 0.2517 0 09101 0.0899 1 0.2547 0
3 0.9086 0.0914 1 0.2519 0 09100 0.0900 1 0.254 9 0
4 0.8650 0.1350 1 0.3037 0 0.8969 0.103 1 1 0.3259 0
5 0.136 6 0.863 4 2 0 0.1558 | 0.1363 0.8637 2 0 0.143 5
6 0.0905 0.909 5 R 0 0.116 5 | 0.0736 0.9264 2 0 0.094 2
7 0.0725 0.9275 2 0 0.2473 | 0.0602 09398 2 0 0.2720
8 0.0637 0.9363 2 0 0.2383 | 0.0440 09560 2 0 0.259 2
9 0.0905 0.909 5 2 0 0.1163 | 0.0736 0.9264 2 0 0.093 9
10 0.047 1 0.9529 2 0 0.1257 | 0.0396 0.960 4 2 0 0.137 2
11 0.4795 0.5205 2 0 0 04861 05139 2 0 0

T3 3 0, AH AR 2R B R o i rh i AR PR IR S AN AR A SIS0 25 SR m] LU 22 Bp=0 IS JL A1 -1 Hh i 2
PP T AR R M IO FEARMK GR 7,8, A2 g 2 IG5 LARR AR K2 8,10, RIZEM -1 541
-2 L5 2 AR AR S84 — B 0 AN AE A -2 OREAR 11 BB R R 4y 205 1 Pt B0 I DAL AR AT
P[RSR, T 0 1) 2 A A5 R A D) 0 A5 A (8 A . R 5 TR R 2 AT 380 gz K, B R R 40 i) 7% o AR TR A 2R
TRFFANAE R 3 (586 25 Tl LUE A -1 F % 2 WA B LR M AR AR IR 7,8, 00 £ -2 Hh 1% 2 (R A
S HARR M R AR RREAR IR R 7,83 BB AR 30057 2R 2811 55, MFCMAdT 832 FH AR A T AR mi — B 40k,
TEE T WA A P REAS (WA TR R 20, AE 15 00 A ) e v 0 R AE AR IR AR R M AR — B X — R SEE 1S A -2 Rk 2
HRREAS AR TR AR A S A A B AT AR AN 11 E A bR o 22 0% 2 .

o T B HE— D M5 H MFCMAdI 550923 1) 2 W8 A 1) 50 SR R R0 R R DS2, 31 5 N Ath 2 W0 A TRB VL EAT 2R
FR ML DS2 B AR A 3 MA, th 3 4 AR AT I ) 3 A 2 42X () (x-y,y-z,x-2) B 1 3, A0
Y8 3 AL 600 MEEA, W 2 B,

MFCMddI 592 DL BT 5] N B LE B SR 2R 45 W3R 400 T MFCMdAdL 43 45 75 Bo=0 Fll B0 K45
AR IEE R, M By=0 I, global RnFH A (27) M5 21 4 R B 45 TN 4 P PR Fa A S e (1) 175 200
KA AEAS-y-z E AR TR SR T RS AT %A R 2 iR T B B4Rt X — i At ] 3 i
— .
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(c) Mf-y-z (d) #ff-x-z
Fig.2 Distribution of DS2
2 DS2 IFEARS i

Table 4 Clustering results in terms of NMI and ARI of different approaches on DS2
%4 ARSEELE DS2 UL NMI il ARI hfR bRt 45 )

A N NMI ARI
Pproaches p-value Mean Std. p-value Mean Std.
MVFCMddV 2.0915¢-24  0.8868 0.0025 | 2.2817¢-24") 09119  0.002 5
CoRegSpec NaN 1.0000 0 NaN 1.000 0 0
Co-FKM 0.0688 0.9853 0.0329 0.0093" 0.9874  0.0282
WV-Co-FCM NaN 1.000 0 0 NaN 1.000 0 0
TW-k-means NaN 1.0000 0 NaN 1.0000 0
MFCMdd-RWG-P NaN 1.000 0 0 NaN 1.000 0 0
view-X-y _ 1.000 0 0 _ 1.000 0 0
B0 | view-y-z - 0.652 0 0 - 0.642 9 0
view-X-Z _ 0.893 3 0 _ 0.913 7 0
MFCMddI view-X-y - 1.000 0 0 - 1.000 0 0
B0 view-y-z - 0.733 8 0 - 0.730 4 0
view-X-z - 0.893 4 0 - 09183 0
global — 1.000 0 0 - 1.000 0 0

“+” denotes that the improvement of the global partition of MFCMddI is significant at 5% significance level,
i.e. p-value is less than 0.05, when compared with the corresponding approach. “NaN”Z 7x Matlab i& [#] <40

1

1

0.8

0.6f 50 0cC

N

0.6 0.8 1

. ) 0.6 0.8 1
Y Y
(a) PHAfI-y-z 7€ Bo=0 I 451 (b) MLFf-y-z 7 Bp=0 I IR 4E L

Fig.3 Clustering results of view-y-z with B,=0 and B,=0
K3 HL-y-z 4£ By=0 55 By=0 I REELGR
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3 BN T WA -y-2 1F Bp=0 LU By0 B RIS 45 T AL Z I 3 FAE AT R BN, A R bsid 7
PN e BRI A R« A B R R W R 3(b) AT 3(a) 1] LA H, 76 7 R AR 3R A — B R 4
VRIS IR AR SR A T B B AERS 4E A B 2(c), AT UG HL I RIS I B B SR 0
77 1), AT A A5 B 3(b) AR 4 45 T T 30 T S A O
o F 51N 2 WA 5 EE ST, WV-Co-FCM. MFCMdd-RWG-P. TW-k-means ! CoRegSpec 7£ DS2 i 4
AR T 52 KR4 MVECMAAV Fll Co-FKM FBLIE 2 L R AT LLUH 45 29 LR JLAS 7 18
1) WV-Co-FCM F TW-k-means Hi% 18 51 AN A AR 1738 N B R 2% 23 A5 [F A0 A A R, T %1 DS2 44
It 4 01 -x-y LA TR R T P A% 2 A 0 5, DR b 3 VO R 3 B A0 R R A L 2 T B v O R A 7
HEA B A 1) F o3 45 TR T 17 100 A -x-y, OIS T 3R 4 PR I 58 B 45

2) £ MFCMdd-RWG-P Sk J - nl LA E @ SCREAN A A 3R s A3, B il A SRR AR R AL A R
AR A5 40— 0, IR B A B AN A0 A 43 IOA T TR ] DU O 5 MR SR S P AN W 28 2 1k AR (6 15 H B o
B BN T RO S N 3RS 5 WV-Co-FCM FIl TW-k-means 28480, 7F DS2 $ids b, i1 T4 ff-x-y 1)
Gy o3 P ST R B e K

3) 7 CoRegSpec ik 1, Kumar 55 A K F- Wi & 2% 23 vh i 13 7] 1E W 4K (co-regularization) F: A 4 28 o i B
2 o) b SR ik Y 22 AR 2R S Tl L, I DA AL JE T 22 0 A0 T 2R 2R 11 25 o) HE B R % B8 v B ) O T 4 5
FIN MR A K [ — R AR AR AL T NAZE T R — A% 53 40, 60 T84S 18 WG T, v ey P 1%
5E 1E A4 2 B0k 4 1 L TR R I 1% 5 0t S el £y () S AR B2 M L 7E DS2 i, 1 T -x-y B %)
A3k, T LU I A 1A AR 4 EC R ORI 1E WAk 2 B0k ARAIE HEAN B 4 1 SR AR

4)  MVFCMddV T8¢ FJE FCMdd 5 2 A IR A MVECMAAV £ 06 ST 3 A AR B b0 BE
LR TR] I 15 3 I 2% S BEAMBRAE RN R A T (AR AR 5 8 I BCR AT 1) 7 20 E 8 AN H AR R EE

means AN FE % REA A AR B AU, IR 2E DS2 i - WA -x-y 25 23 M B s K 1R 1 Ak 1 8 15 B4R 4
MR IR

5)  Co-FKM Bk &A1 FCM [FIAESE T 38 i 5] NSRS B 24 SR A 159 - AN WL A 2 Tl i R o R T —
PP B ) 2 2 107 SRS A B A R4 45 SRt T — R AR A B, % 1 DS2 B ARk Uil 2 &
AL AR -x-y 1R 43 Tt (PR 2 48 v IR A -y -z TR I 43 o0 TR ) T 25 W0 A 500 4R T 5, 4 IS AR A
TR T (4 5% 45 46320 5, Co-FKM. B9 A 15 38, 25 T W0 A D () 095 50 n 45 3 AR 1 % -1 AR SC BT Hh 1)
MFCMddI 53211 &, F1 Co-FKM —#F, 3- 3 A 2% JE A I BUE H 2 5 Co-FKM A 12, i AR A
PR — S0 24 S T 5 AN A 5 A e e 45 W 0 T A AR RSB S5 Jesd 32 R I < B (crisp) ") A 4 3 AR KT
S, DR e ) 2 22 7) B AT AR S I 58 R B A5 B I, 9 46 11 45 TR 2 M i) L A 580 0 A 45 ) 30 R T R
3K & MFCMddT 8327 R 2% AL A BCE 1)1 30 T, 76 DS2 EEUAR 58 36 %1 7 1) R IR,

33 ERHEE

J T PP G MFCMAdL S 7E SUse Hdin 48 F IR UL, 3411\ BSDS300 HHiEF—Ili K/ A 121x81
R €6 P15 (DS 3)HEAT 45 20 1 52 56200 43 il ks L RBG B 25 W) () 3 S0 B2 i 3 LA, i RS a4 BT,
B 4(a) b B G 18] 4(b) 2 N T4 #0455 A8 PR3 18 4(c) 9 W0 AR -R; B 4(d) WA -G ] 4(e) i #R S -B.

MFCMddI 5735 L BTk %o Lb SV 48 NMIFT ART VP00 45 5 L3R 5. 59 40, 18 5 thgh T 52 £ RE 1 &)
O34 N SE BTN A 45 R LUK 23 B A8 0 Sk B MFCMdIT AT T 3% 6] L S & By — @ e 3.

BxT DS3 ZAhFATEAEH CMU PIE s 8 R MR SVE B PR RE A2 2 B0 7 41 368 1 64x64 N5,
XL G55 R 68 A AEA[F] (6 BRI A N RPN 6 44t T €05 Al C27 4Lrh s il B A I, Co5
H1 CO7 g Deng %5 NPUA TFRILEASF 1 R4 AE B 8RB0 U AT CO5 A1 C27 vh -3l HL 100 18 &%,
P 2 WA BE A DS4 SRIEAT SRR, S 50 45 R WK 6.
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(b) NTLorElgsR
-

(c) ¥f-R

Fig.4

(d) MAI-G

(e) ¥Lfh-B

4 Elephant. A T4r#I45 58 KH 3 ML

Image elephant, manual partition result and its three views

Table 5 Clustering results in terms of NMI and ARI of different approaches on DS3
£5 ANFFEIELE DS3 LI NMI A ART Jy H s i 58 g8 3

Approaches NML ARI
p-value Mean Std. p-value Mean Std.

MVFCMddV 0.072 1 0.4914 | 0.0437 | 3.4440e-05" | 0.5124 | 0.0551
CoRegSpec 3.8287¢-27% | 0.366 8 | 0.0021 | 1.9165¢-407 | 0.306 5 | 0.000 9
Co-FKM 0.015 8 0.4345 | 0.0775 0.0038" 0.4338 | 0.1557
WV-Co-FCM 7.5740e-08" | 0.4514 | 0.0211 | 1.9377e-06 | 0.3997 | 0.0562
TW-k-means 3.9444¢-09" | 0.4625 | 0.0097 | 4.2938¢-09" | 0.4510 | 0.0347
MFCMdd-RWG-P 3.4057¢e-21" | 0.4734 | 0.0019 | 6.6649¢—29" | 0.4621 | 0.002 3

view-R _ 0.365 7 0 _ 0.386 8 0

B~0 | view-G - 0.471 6 0 - 0.4192 0

view-B - 0.367 6 0 - 0.372 7 0

MFCMddI view-R _ 0.384 6 0 _ 0.398 1 0

B0 view-G - 0.473 8 0 - 0.429 9 0

view-B - 0.5293 0 - 0.473 2 0

global - 0.501 3 0 - 0.557 5 0

“+” denotes that the improvement of the global partition of MFCMddI is significant at 5% significance level,
i.e. p-value is less than 0.05, when compared with the corresponding approach

(b) TW-k-means

(a) MVFCMdd

(e) CoRegSpec

(f) MECMdd-RWG-P

<

(g) MFCMddI

Fig.5 Segmentation results of different approaches on DS3
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(a) M A-CO5

(b) M Ah-C27

Fig.6 Samples from CMU PIE face dataset
Bl 6 CMU PIE A& $icdhi v K7 B A A

Table 6 Clustering results in terms of NMI and ARI of different approaches on DS4
%6 AFFVEL DS4 _ELLNMI A ARI b br i) SR 45 1

NMI ARI
Approaches p-value Mean Std. p-value Mean Std.

MVFCMddV 7.0239¢-08 | 0.6327 | 0.0419 | 8.1176e-137) | 0.4926 | 0.042 1
CoRegSpec 1.7727¢-13" | 0.7245 | 0.014 1 | 3.7655¢-117) | 0.5878 | 0.022 4
Co-FKM 4.4885¢-06" | 0.6528 | 0.061 1 | 3.2114e-09" | 0.5121 | 0.0702
WV-Co-FCM 0.0013" 0.7362 | 0.070 6 | 2.2853¢—04" | 0.6150 | 0.063 8
TW-k-means 0.0023" 0.7117 | 0.0985 | 1.1647¢—05" | 0.5638 | 0.1555
MFCMdd-RWG-P 0.0257" 0.6177 | 0.1686 | 3.2188¢—10 | 0.3913 | 0.1040

B | view-C05 _ 0.630 5 0 _ 0.5129 0

7| view-C27 _ 0.755 2 0 _ 0.652 8 0

MFCMddI view-C05 - 0.736 1 0 - 0.636 7 0

B0 | view-C27 - 0.804 1 0 - 0.7128 0

global i’ 0.803 1 0 - 0.713 3 0

“+” denotes that the improvement of the global partition of MFCMddI is significant at 5% significance level,

i.e. p-value is less than 0.05, when compared with the corresponding approach

N 6 Tl LG AR T B 5 I A B 8k MECMAdT 7E SR 15 6% NMI M1 ART _EEUS T Sk i R B3k
J AT B S R LR AT 1Y) WV-Co-FCM,NMI 484532 T+ T 6.69%,ARI $8FREEFH T 9.83%. A%t F R I i
72 1) MFCMdd-RWG-PNMI FE45EE T+ T 18.54%,ARI Fa b3 T+ T 32.2%. 55 40, 7 45 3 T 7E 0 AR ZS LA R AE B
RS T ,MFCMddI HETE DS4  E IRl A0 2R 2 45 B DL R AR s 518 Dl (AN AR 1 7 A I BAR R MR
AR, HARVE T 1R B 7 s RE AR TR B 4R vh 1 4 5).

(a) PLfH-CO5(By=0)

Yy

(b) M AH-C27(Bg0)

B CERE
ek WFITT D3

EE

Fig.7 Clustering results of MFCMddI on each view of DS4 with B,#0 and B,=0 respectively

K 7
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(c) HA-C05(B=0) (d) MfH-C27(Bo=0)

Fig.7 Clustering results of MFCMddI on each view of DS4 with B4#0 and B,=0 respectively (Continued)
Kl 7 7E By=0 1 By=0 If MFCMddI ${.757E DS4 b &ML SR 2K 45 R (4h)

A7 AT LU L FE AR RS R A8 -C05 50 -C27 FibRic RIS R AE A TE K £ BiE B0 T 3 A AR A 4R 1T
7 DS4 L AN PIREAS 2 [R] — AN 76 B ZE AN [R] A BE RO B8 4 1 R 3R A3, MUAE DS4 R (R AR AA AR IXFE I — A
SR COS B AR IR AR AE LA C27 AR B ARk I LU S A 1) 3 SE A S 20 SR 4 AR AT AR
11100 B [ 2R 288, 1 0% 385 A i R0 2R S I 6T AN 6 [0 2 A LA S AN T 7 T S22 O ) 0L . 2k R A 8 s

MAE DS3 Fl DS4 IX P > LS H04f 4R 1Y) 52 3 5 AR T AR T4 A1 D0 ASL SR s ) 28 28 1) 509, 1 WV-Co-FCM,
TW-k-means. MFCMdd-RWG-S - KRG TE DS2 b —FEHUS s i K 7 45 53X & UM 7E DS3 F DS4 F AF—#1L
1 b FBAS LA A7 A0 B S IR R 45 M 100 S A A SR AT AFIX S SRR B i 2 ) (WAL 1) 72 e AN 835 AR 51X A
B ARAE A L H R CR AR A BT I 1) S, RIVRE A (00 T S B A AN A ) 22 R AR N IR I S SE R
FIT P th MECMddT 5321 2% 21, DR 78 P AN S0 48 IR T B — @ se 4 kil o g5 4
3.4 RG]

I 388 1 3 4% Pl 1% (magnetic resonance images, fij R MRIs) A 43 25 H i 20 28, 43, 35 /K i (gray  matter, 4] 75
GM). [ Jii(white matter, {7 % WM)F1 ki 5 ¥ (cerebrospinal fluid, & #% CSF)X TR 12 Wi Al 4 Bh vk 3 45 35 A ¥
T B2 T4 MeGill k% MN(McConnel brain imaging center of the montreal neurological institute)
SR ALY BrainWeb AS4UECHE FED e 45 5 i M 6 A e P9 AR 56 8 1k Lk 7.

Table 7 Properties of selected MRIs
F T I AZ L AR B AR A O i

D Modality Slice thickness (mm) Noise (%) Inhomogeneity (%)
0

—

1 T1 1 0

2 T1 1 0 20
3 T1 1 1 0
4 T1 3 3 20
5 T1 3 3 0

ID J 1 i) MRI S G 27 B FIER (1 D e hn ) B 8 Bros T Frik i 5 M MR, 73 5 A ] Gabor
T A I DTS [ ()R E AL R 3 AN AN R FR R AE A A, R 75 T A 2 1 2 WA i 4 B BT MFCMdI 57
LS, JF A IS A DC $RFRIEAT PO 3 8 45t T FT A7 S AE 5 M MRI _EIE AT R B E RbR #E 22 (R 11 450
NEARAT 50 U0 BRAF I AR AN A R 22, R i IR i P 5 10 B4 6L 10~ 35 (LA R v 22 (1 22 480) % - MFCMdIL X 47
H B B (K4 S ) 23 45 A NER 8 (K145 R TW-k-means 1 MFCMddI 2503 T 84 14 43 1R

© HFBIERAIEIFIDN  hipsswww. jos. org. en
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(a) J5t MRI (b) CSF (c) GM (d) WM

Fig.8 Illustration sample of MRI and anatomical segmentation resutls
Kl 8 MRI 7 A AR 7] 2 53 1 45 R
Table 8 Clustering results in terms of JS and DC of different approaches on MRIs
%8 AIFFLA MRI _ELLIS Il DC Ky fabr 4 1

Approaches IS DC
p-value Mean Std. p-value Mean Std.

MVFCMddV 0.240 6 0.7310 0.1010 0.00927 0.749 0 0.091 2
CoRegSpec 1.3534e-05" 0.785 6 0.004 5 0.728 1 0.799 2 0.004 6
Co-FKM 1.0754e-07" 0.776 7 0.008 7 4.1144e-04" 0.7919 0.006 5
WV-Co-FCM 0.091 8 0.763 4 0.082 2 0.7880 0.782 7 0.1450
TW-k-means 0.193 4 0.796 3 0.083 4 0.7576 0.8118 0.0913
MFCMdd-RWG-P 1.0957¢-20" 0.703 9 0.004 5 3.8999¢—19" 0.732 6 0.005 9

MFCMddI - 0.792 9 0 - 0.801 2 0

“+” denotes that the improvement of the global partition of MFCMddI is significant at 5% significance level,
i.e. p-value is less than 0.05, when compared with the corresponding approach

35 BHN

MFCMddI 53, FFZ I EESEA A, A0Bo, o1, A0S By 3 JETT SO ¥ 48 3 000 B i R 75
ST A AEAR FIBUE X MFCMAdI S5 SR AU 52 0. F-ATT A 0.001~3 3XAN X JH] 1,24 A, 5058 14 /N R RAE,
23534 0.001,0.005,0.01,0.06,0.09,0.14,0.20,0.25,0.3,0.7,1,1.5,2 F1 3 4% 5 . NMI F ART 3k — AN PR R AR (GX
HL%E$E NMLARI 25f8L),75 DS2. DS3 F1 DS4 FPFHr MFCMAdI S35 AEAN ] A, T BRI, AT 23 47 SV X6}
28 A M BUBEE B 9 45 T MFCMAdI BETE T 3 ANERAE BP0 3R br NMI BE A, 401 th £5.

1 0.8
0.9 0.6
0.8
£04
0.7
0.6 0.2
0‘5() 0.5 1 1.5 2 2.5 3 O0 0.5 1 1.5 2 2.5 3
(a) DS2 (b) DS3
0.9 T T T

(c) DS4

Fig.9 Clustering results on DS2, DS3 and DS4 in terms of NMI for the proposed MFCMddI
with different parameter A,
K9 MFCMddI & i%L7E DS2. DS3 fl DS4 | NMI BES 4 A, I7B4L K &
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ME 9 il LLE HL, S50 A, % MFCMAdT 5035 19 2R 28 300 AT 36 5K I 52 0 55 K sl A /S B9 A 30 4 BRI
SR bE R e S2 R b v BLZE[0.001,0. 8] k4T S 50 FL.

4 Z i

R 58 1 PP A SRS SIEAE N T 22 WA SR SRAE 55 I 8 2 A7 280 W3 [ 2 53 075 6 B 0T e i, A S S 2 1
T TP 2R A SRS AZ AR 1) H A B ek P TR R B 1 T R A P R R B 2 I 24 RO, S A A
(] FR) I3 [ 27 2J WL AR L b, Bt 7 — b T 2 AR A — UMk 20 SR A0 22 W AR ORI SR 2R SR A SRl R
i G A 22 AR R KA s R A DR B A A1 P AR 20 s D I DA 7 A AR S AE AN ) B R A1 RE S O Fop AR E
T AR S (0 H bR B8 i G e e K i AR A8 A AR AR OB AR B R B L MK T SEAT P [ 2 20 B i
I T, 1% B[R] 27 ST W LA S5 RS ORAIE SR SRZSCR 32 71 di i 78 N T80 8 UL R s i 46 b il s 0 0
E T AZ AT 2 W0 A Bt B IR B ACR, IR i 5 7] SRR IR 0T L, SR AZ SR (K AL 4

R MFECMAdT 53545 2 AL A0 Kot S b B AT AN (R 2RSSR AR T A8 5 S ST i RE v AT AR A AR Bt — 20
1 R (0 22 180 5 G, ] g ke AN [RD R AR R A B AS — B30 A o 22 S A B e A [ PO A0 A T i 45 T 2 ) A
R A FAT 15 SEWFFU R T 2 H AR
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