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Fuzzy C-means clustering algorithm based on new shadowed sets

GUO Dongkai', ZHANG Qinran', LI Xiaonan®, YI Huangjian'"
(1. School of Information Science and Technology, Northwest University, Xi’an 710127, Shaanxi, China; 2. School of

Mathematics and Statistics, Xidian University, Xi’an 710126, Shaanxi, China)

Abstract: A fuzzy C-means (fuzzy C-means, FCM) clustering algorithm based on five-region shadowed sets is proposed in this
paper. The membership degree of the object to the cluster is obtained by the FCM algorithm. The object is divided into core region,
semi-core region, shadow region, semi-negative region and negative region according to the membership degree by introducing the
five-region shadowed sets. Then, a threshold value w is obtained by analyzing the semi-core region. The objects whose membership
degree w=w in the core region and semi-core region are classified into this cluster to get the final clustering result. Experiments are
carried out on 8 public data sets with other 3 clustering algorithms, compared with the other 3 algorithms, the algorithm proposed in
this paper achieves the best clustering results on 7 data sets. The experimental results show that the proposed algorithm in this paper
is superior to 3 other algorithms.

Key words: three-way decision; fuzzy clustering ;three-way clustering; five-region shadowed sets
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Fig.3 Basic framework of FCM-5SS algorithm
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Table 1 Basic information of 8 UCI data sets

UG/ S ERRIIRIER V4 XFGEL eSS
Ionosphere 34 351 2
Wdbc 30 569 2
Heart 13 270 2
Banknote 4 1372 2
Sonar 60 208 2
Iris 4 150 3
Wpdc 33 198 2
BCcoimbra 9 116 2

AT 3 A M TR TL AL — PR 2R 255 (k-means ) F1 2 FPARCR 7L (FCM Fil FCM-S) 1
MR ECE 3 A RIAEAE bR N BISHER T — L AR B PR 2 18 R R, R AR SO R A Rk X 3
AFERRRE R TR BRI EBEER L. 24 FCM LB S8 m e [ 1.5,2.5 ] 1, BEAS B A5 I B g 3 AR
H FCM S0A B S 80 &l 2,
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Fe2—4 4r 500 4 FhRRAE 8 BRI AR B RSORS00 B D — b EBAE B VL 24 18 R 4L, k-means |
FCM ,FCM-SS ,FCM-5SS 55 1% (1 2R 25 W B2 73 000 A eans ~ Aren ~ Areass ~ Arewsss » 10— F6 A7 B 43901 Ky
N means ~Nrcwt ~Nrcarss ~Nrcasss VI 2 FEEREUIP I Ty s Trcn ~Trenss ~ Trcnsss » F6 1R 5K 0y 300 6 D 4EL
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F B, FCM AR5 Wdbe MIBUR Y SR 45 A 5, AR SO 38 O BRA 7 8 MR AR 2 24 2R
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Table 2 Cluster accuracy of 8 UCI data sets on 4 algorithms

ﬁ*}%% Ak—mcans AFCM AFCM—SS AFCM—SSS
Tonosphere 0.6752 0.672 4 0.6752 0.7322
Wdbc 0.8559 0.864 7 0.773 3 0.8453
Heart 0.674 1 0.685 2 0.692 6 0.707 4
Banknote 0.6509 0.658 2 0.653 2 0.680 0
Sonar 0.538 5 0.567 3 0.572 1 0.634 6
Tris 0.946 7 0.946 7 0.960 0 0.9733
Wpdc 0.686 9 0.697 0 0.697 0 0.707 1
BCcoimbra 0.465 5 0.465 5 0.482 8 0.543 1
XA 0.686 7 0.694 6 0.688 3 0.7279

£3 84 UCIEigEq 4 M A —kEE R

Table 3 Normalized mutual information of 8 UCI data sets on 4 algorithms

ﬁ?}i?j% Nk-means NFCM NFCM-SS NFCM-SSS
Ionosphere 0.069 9 0.066 5 0.069 9 0.179 4
Wdbc 0.4340 0.4459 0.294 6 0.4209
Heart 0.112 4 0.0959 0.102 4 0.1222
Banknote 0.064 6 0.069 9 0.0659 0.1021
Sonar 0.0190 0.028 8 0.0316 0.064 3
Iris 0.836 6 0.8449 0.864 2 0.901 1
Wpdc 0.008 3 0.0197 0.022 8 0.0423
BCcoimbra 0.003 5 0.003 5 0.001 3 0.002 8
YA 0.193 5 0.196 9 0.1816 0.2294

T4 8/ UCT BRI 4 Fhovk iR 2 2 18 R4
Table 4 Adjusting the Rand coefficient of 8 UCI data sets on 4 algorithms

ﬁ%% Ik-means IFCM IFCM-SS IFCM-SSS
Ionosphere 0.116 7 0.1125 0.116 7 0.213 6
Wdbc 0.497 8 0.5245 0.2750 0.466 5
Heart 0.1151 0.1333 0.1447 0.168 8
Banknote 0.090 2 0.099 3 0.092 1 0.129 0
Sonar 0.001 2 0.013 4 0.016 1 0.068 0
Iris 0.8510 0.8512 0.886 0 0.9222
Wpdc 0.047 2 0.0770 0.0829 0.116 3
BCcoimbra -0.003 9 -0.003 9 -0.007 5 -0.001 3
XA 0.214 4 0.2259 0.200 8 0.260 4

TEH X PIAE T o SZ T 3 A% O DXBORITR A O XS IEL, y 230 53 U A% U X AT 5% DX 3 B A, o
SEARSC AR A TR A3 RO XSS B . R T HRFE BIE (o vy ) XSRS B AR5 T I B0 IR AR SCH
) w AR, BT T — X IRSEE: . %) 8 A4 UCT Bfii4:fdi il FCM-5SS 303k 7 il i il 1 3 A B AT i
LA RN UE . SEEGZE LUK 4 Fi7s . Tonosphere . Wdbce ,\Wpdc Heart . Banknotes .BC coimbra %4 818 F [
18 o 153 1 F- 2005 B2 eI, S BB R v B, Sonor FICHE 4275 21 1~ F- B85 BE e A%, M BEN o B, 8 4R I
PSRN B R IKE B . SEUR S AR T T DX 5 4 v R A O DX A R Z W 1Y), 250 2 — > BB R R
IPIZ RIS T RS HER
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Fig.4 Influence of different thresholds on cluster accuracy
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