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Abstract: A novel Bayesian possibilistic clustering method with optimality guarantees based on probability theory
and possibilistic theory is proposed. First, the unknown membership degree and cluster center are represented as
random variables. Given the specific constraints and uncertainty associated with each random variable, an
appropriate probability distribution for each random variable is selected and the Bayesian possibilistic clustering
model is proposed. On this basis, a novel Bayesian possibilistic clustering method with the optimal guarantee
properties is propsed based on Bayesian theory and Monte Carlo sampling method using a Maximum- A- Posteriori
(MAP) framework. Then, the convergence of the algorithm and the complexity of the algorithm are discussed.
Experimental results on synthetic and real data sets show that the proposed method extends the traditional
possibilistic clustering performance, and improves the clustering results.
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8 8
o B 0.6
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0.4
4 o [} 4 ] [
00000 00000 ..P.. QQD... P
2 o [} 2 L] . 0.2
0
0 4 8 12 16 0 4 8 12 16
T T
(a) 2D16P 3 HHA 4 (b) FOM¥E 24
12 1.0 12 1.0
10 . 0.8 10 * 0.8
8 8
. 0.6 . 0.6
= 6 = 6
0.4 0.4
4 . . 4 . .
codee eeBeoe . somen LX) T XY .
2 . . 0.2 9 . . 0.2
0 0
0 4 8 12 16 0 4 8 12 16
z z
(c) PCMEHES Y (d) BPCERH4LE R
Bl 1 2D16P & st de Jo & Sk IR 45 1
F 2 3MEATE 2D16P HUBE LMBRLER
FCM PCM BPC
(zy)
C1 C2 C1 C2 C1 C2
(1,3) 0.9686 0.0314 0.7188 0.0640 0.7339 0
(2,3) 0.9866 0.0134 0.8922 0.0737 0.9255 0
(3,3) 0.9976 0.0024 0.9950 0.0857 1.0000 0
(4,3) 0.9957 0.0043 0.9579 0.1006 0.9257 0.0001
(5,3) 0.9720 0.0280 0.8082 0.1198 0.7342 0.0004
(3.4) 0.9959 0.0041 0.9318 0.0852 0.9256 0
(3,2) 0.9850 0.0150 0.9162 0.0850 0.9256 0
(13,3) 0.0280 0.9720 0.1198 0.8082 0.0004 0.7342
(14,3) 0.0043 0.9957 0.1006 0.9579 0.0001 0.9257
(15,3) 0.0024 0.9976 0.0857 0.9950 0 1.0000
(16.,3) 0.0134 0.9866 0.0737 0.8922 0 0.9255
(17,3) 0.0314 0.9686 0.0640 0.7188 0 0.7339
(15,4) 0.0041 0.9959 0.0852 0.9318 0 0.9256
(15,2) 0.0150 0.9850 0.0850 0.9162 0 0.9256
B (9,7) 0.5000 0.5000 0.2102 0.2102 0.0180 0.0180
A (9,10) 0.5000 0.5000 0.1373 0.1373 0.0014 0.0014
centers (3.4186,3.3793) (14.5814,3.3793) (3.2487,3.0592) (14.7513,3.0592) (3.0005,3.0003) (14.9995,3.0003)
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3G T 3 PEENEMRELER, Eil 5
Fies I 2B 2 PEREFR A5 Accuracy, RI, NMI, Pure Fil
F-measure . % 2 MRt PuE 7 Bk
S50 %I RIFER IR etk SRR DI AR B
ot TIRRE R .
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