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Multi-view fuzzy clustering algorithm based on partition adaptive-fusion
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Abstract: How to effectively realize the view fusion in the multi-view clustering is an important challenge. A new view
fusion strategy is proposed for this task. Firstly, the partition matrix of each view is setup. And then the adaptive-fusion in
each view partition is made based on the multiple view partitions by an adaptive-fusion weighting matrix. Finally, the global
partition is obtained by using an integration approach. This strategy is integrated with the classic fuzzy C-means clustering
framework, and the corresponding multi-view clustering algorithm is presented. Experimental studies are carried out on the

synthetic and UCI real-world multi-view datasets. The experimental results show that the proposed algorithm outperforms

several existing related algorithms in the adaptative abilities and clustering performance.
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Dataset View Composition of Each View Dimension Size
Mfeat-fou view 76 Fourier coefficients of the character shapes 76
Mfeat-fac view 216 profile correlations 216
Mfeat-kar view 64 Karhunen-Love 64
Multiple features(MF) 2000
Mfeat-pix view 240 pixel averages in 2*3 windows 240
Mfeat-zer view 47 Zernike moments 47
Mfeat-mor view 6 morphological variables 6
Shape view 9 features about the shape information of the 7 images 9
Image segmentation(IS) 2310
RGB view 10 features about the RGB values of the 7 images 10
Input view The first 22 features describing different input conditions 22
Output view The 23th-29th features describing the output demands 7
Water treatment plant(WTP) 527
Performance input view The 30th-34th features describing the performance input demands 5
Global performance Input view The 35th-38th features describing the global performance input demands 4
4 SFEATE MF. 1S F1WTP 5158 b oM At i 4 4 #®

NMI RI
i AP
mean std mean std
LSSMTC
CombKM 07538  0.0485 09360 0.0175
Co-clustering ~ 0.7594  0.0337 09367  0.9367
MF TW-k-means  0.8379  0.0443  0.9468  0.0240
WV-CoFCM  0.8320  0.0405 09564  0.0140
Co-FKM 0.8297 00298 09562 0.0114
AR 0.8421  0.0299 09611 0.0120
LSSMTC
CombKM 06120 0.0263 08551  0.0215
Co-clustering ~ 0.6105  0.0190  0.8645 0.0124
IS TW-k-means  0.6172  0.0288 0.8675 0.0171
WV-CoFCM  0.6244  0.0201 0.8797  0.0109
Co-FKM 0.6183  0.0202 08797  0.0085
ARSCE: 0.6255 0.0102 0.8804  0.0061
LSSMTC
CombKM  0.1900 0.0119 07047  0.0061
Co-clustering ~ 0.1924  0.0132  0.7044  0.0049
WTP TW-k-means ~ 0.1810  0.0161  0.7039  0.0085
WV-CoFCM  0.1964 00122 0.7074  0.0041
Co-FKM 0.1980  0.0087 07082  0.0042
ARSCE 02019  0.0090 0.7093  0.0025

ik, TWRIENTLIE 2 B2 MBIEE L,
Z WA R B BAR 2 W A R ER A B
. ASCHR W H 0 2 A BRI IR B LR AT [ 2
TRARI RS 2 M RREIE RS TP 1
PEREILSS.

AICAELZ S8 FCM FHENEZE -, 3@ 51 A AL FA &)
o NI AEOR, SR T3 TR0 A R
2 WA R SRR BIE. AEAL A Rl B B Y O
222 3R, A 2L 2 1 U AR S N R, [F]
I 2 AR AT LB & A 3, 2 T8 3 SE 4 R B AL
R.SEREFURY, ot 2 AR IR S8 2 UCT K
SRR ERRRE R, W R R PR AR A
IF IR R, BAR TR A RUER B T A A b
E, FA T — € 2% 5%, i, Bird th U7 v A& g
(K] FCM 5532 9 HEZR, sk FH 1002 DG IR B, O {45 LA
TR s 24 22 W0 A3 SR 24 1) AT A 00 i e o . i
D iZ )RR 2 A2 45 R BT TUR) B L AR, SR AT 2
OB 7 S H, S iE e — D E
A, AN SERR S o/ A RN 2 8UE. T
RS HORE 2 N BRAE ), X+ — IR,
] 3 3 5 6 VR BRT Y AR Ok T B R R E TR
PR ZE 538 (0 250 [, 4R A 5] 55 SR AT LA
FE— € R B3 G e U2 B e B, AU J 8 T A
it —DIRATIIL.
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