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tional College of Information Technology, Wuxi 214153, China)

Abstract: To solve the problem that traditional possibility clustering algorithms (PCM) barely achieve multi-view clus-
tering, and considering that the optimization of views and feature weights has not been regarded as important in existing
multi-view clustering algorithms, this paper proposes a new multi-view fuzzy double-weighted possibility clustering
algorithm (MV-FDW-PCM). The algorithm is based on the traditional PCM algorithm, and it gives a detailed multi-
view clustering learning framework, which gives it its own multi-view clustering ability. It realizes the optimization of
the weight of view and the feature weight within the view by the introduction of an inter-view fuzzy weighting mechan-
ism and an inside-view attribute fuzzy weighting mechanism. The experimental results show that the proposed MV-

FDW-PCM algorithm has better clustering performance than the previous algorithms regarding multi-view clustering.
Keywords: multi-view clustering; fuzzy weighting between views; fuzzy weighting of attribute within views; possibil-

istic clustering
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Fig. 1 The principle diagram of traditional PCM algorithm
clustering multi-view data
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Table 4 The performance of clustering algorithm
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Table 5 Comparison of clustering performance of each algorithm
REERS [ESPA=R7S
RES MV-FDW- MV-FDW-
PCM  CombKM CoFKM MVSpec PCM  CombKM CoFKM MVSpec POM
NMI-mean 0.5250  0.5656 0.6238  0.6232 0.663 1 05311 0.5832 0.6361  0.6392 0.658 6
NMI-std  0.0279  0.0137 0.0144 0.0214 0.0162 0.0198  0.0012 0.0089  0.009 6 0.022 4
Rl-mean  0.8551 0.8721 0.8911 0.8932 0.904 7 0.8261 0.8422 0.8791 0.8921 0.8951
RI-std 0.0189  0.003 1 0.0076  0.0039 0.003 5 0.0054  0.008 5 0.0054 0.0119 0.0109
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Fig.7 Real face image
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Fig.8 The segmentation results of the algorithm on the
real face image
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Table 6 Comparison of the running time of each algorithm

PCM CombKM CoFKM MVSpec MV-FDW-PCM
MF 228.12 (2) 192.77 (1) 284.69 (3) 491.14 (5) 48231 (4)

IS 5.078 (2) 4.414 (1) 18.724 (3) 33.782 (5) 19.824 (4)
WTP 6.332 (1) 6.709 (2) 11.844 (3) 16.018 (4) 18.849 (5)
IADS 4754 (1) 5.356 (2) 69.114 (3) 272.24 (5) 103.62 (4)

K1 8.018 (2) 7.226 (1) 12.792 (3) 351.53 (5) 55.969 (4)

2 8.365 (1) 8.729 (2) 12.802 (3) 224.66 (5) 55.119 (4)

BN 22.367 (2) 20.144 (1) 35.015 (3) 401.78 (5) 78.122 (4)

T B Y R 4 B 10 HES, (Ranking Values),
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