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Improved FCM algorithm with adaptive weights based on cosine similarity

HU lJianhua, YIN Huilin
(College of Science, University of Shanghai for Science and Technology, Shanghai 200093, China)

[ Abstract] As a classical clustering algorithm, fuzzy C-means clustering algorithm ( FCM) improves the effectiveness of
clustering by updating membership and clustering centers. The performance of FCM algorithm is mainly evaluated by intra cluster
compactness and inter cluster separation. But FCM algorithm relies on the clustering centers and is very sensitive to noise.
Considering the different importance of each data point and each cluster center, two adaptive weight vectors ¢ and ¢ with adaptive
exponents p and ¢ are introduced into the objective function of FCM, and an improved FCM clustering algorithm with adaptive
weights is proposed; At the same time, the new clustering evaluation index AWCVI is used to optimize the parameters p, ¢ and the
fuzzy factor m, which is determined by the particle swarm optimization algorithm (PSO) ; The cosine similarity is used to modify
the membership function in the iterative process to improve the robustness of the algorithm. Experimental results show that the
proposed algorithm can effectively improve the clustering effect.
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Tab. 1 Distribution characteristics of six datasets

G FEAKH FEIEEH ZH%H
IRIS 150 4 2
SONAR 208 60 2
SYM 350 6 3
Twomoons 1502 2 2
Spiral 567 2 2

*2 HMPSOHEMENp, q, mE
Tab. 2 p, g, m values by PSO algorithm

LEITE S P q m
IRIS 1.57 1.23 2.97
SONAR 3.60 4.02 1.65
SYM 1.40 2.30 1.98
SPIRAL 2.37 2.12 1.26
Twomoons 2.92 1.87 3.11

XF T8I U BOHE £, AR SC M Xie Beni 48 b5
(CVIy) . BB MW (Accuracy) . 5 H AR B
(NMI) =AJ71H X 4 P2 A7 X LS8, CV,
(/N | Accuracy F NMI A #8510 B 58 28 0 S e
U, SEEEERNEI~F 6, NEI~F6TALIE
AR SR B O B Hybrid FCM 7E TRIS A9
HAFE PR T e 3 M A L, 7 SONAR
Hybrid FCM Hl AFCM-SP 3545 A [ (4 v 2%, {2
& CVI, M NMI{EHAL T AFCM=SP ; 7£ SPIRAL 1,
ZLHL ) FCM A &G B CVIL, {8, F 2 e R A
NMI {H if /& Hybrid FCM 3 R 5 £ SYM I,
Hybrid FCM #E ZEBE I T SFCM 8.3 B CVI,, Fl
NMIAEFHEES —67 . X AN T 54 % Twomoons,
ARSCERIN 3 AVER R FR, B . B 2R (Recall) | K5

F( Precision) M F1{H , 255 W7, Hybrid FCM 1£
Accuracy [NMI .Recall | F, {HAE 4 /l\ﬁﬁﬁlgﬁ%ﬁ,
Twomoons £ L1 4 PP L R IS5 W B 43 A
W 1 R AT LR AR Sy o R
EHHAFROR . Bl 2 45 4 FEEEA R T
S St 2k DAIE I B0 A IR St . 25 BT IR,
ASCEE Y Hybrid FCM B35 7E 5 AN 4 L ARAR
BB PR R, REA R R R ISR

#*3 ZIRIS EWI CVIy,, Accuracy, NMI

Tab. 3 CVI,, Accuracy, NMI on IRIS

s CViy, Accuracy NMT

FCM 0.136 9 0.893 3 0.746 5
AFCM-SP 0.176 5 0.926 7 0.787 3

SFCM 1.040 2 0.886 7 0.737 5
Hybrid FCM 0.024 1 0.930 3 0.789 3

% 4 7E£ SONAR tH CVIy,, Accuracy, NMI
Tab. 4 CVIy,, Accuracy, NMI on SONAR

Bk CVIyy Accuracy NMI

FCM 2.187 6 0.5529 0.008 8
AFCM-SP 1.159 0 0.562 5 0.013 4

SFCM 4.171 1 0.548 1 0.007 2
Hybrid FCM 1.155 0 0.562 5 0.014 4

%5 % SPIRAL t®j CVIyy,, Accuracy, NMI
Tab. 5 CVIy,, Accuracy, NMI on SPIRAL

(=R7S CVlyy Accuracy NMIT

FCM 0.279 3 0.583 4 0.247 1
AFCM-SP 0.300 8 0.598 1 0.279 0

SFCM 0.569 0 0.594 5 0.265 4
Hybrid FCM 0.293 4 0.600 3 0.279 3

*£6 7ESYM LEH CVIy,, Accuracy, NMI
Tab. 6 CVIy,, Accuracy, NMI on SYM

Rk CVIyy Accuracy NMI

FCM 0.143 8 0.745 7 0.497 8
AFCM-SP 0.194 0 0.765 7 0.529 3

SFCM 0.942 7 0.808 6 0.556 9
Hybrid FCM 0.1159 0.790 1 0.577 8

&7 ¥ Twomoons ##EEE LW CVIy, , Accuracy, NMI, Recall, Precision 1 F,—value

Tab. 7 CVIy,, Accuracy, NMI, Recall, Precision and F, value on Twomoons

GERES CViyy Accuracy Recall/ % Precision/% F, - value

FCM 0.141 3 0.731 0 0.1761 69.33 78.31 0.7355
AFCM-SP 0.095 9 0.7159 0.177 9 65.43 80.18 0.720 6

SFCM 0.223 4 0.732 4 0.191 6 66.48 82.83 0.737 6
Hybrid FCM 0.125 3 0.7350 0.199 5 70.03 78.39 0.739 7
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