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A solution for a fuzzy clustering problem by applying fuzzy c-means algorithm
and gravitational search algorithm

GU Wenxiang, GUO Liping, YIN Minghao
(Department of Computer Science and Information Technology, Northeast Normal University, Changchun 130117, China)

Abstract ; Aiming at fixing the shortcomings of using fuzzy C-means algorithm solely to solve fuzzy clustering prob-
lems, first, this paper proposed an improved gravitational search algorithm by updating the velocity of individuals
according to a probability, expanding the search space effectively. Secondly, a fuzzy gravitational search algorithm
(FGSA) was proposed. Finally, a novel hybrid algorithm ( FGSAFCM) based on a fuzzy improved gravitational
search algorithm ( FGSA) and fuzzy c-means algorithm ( FCM) was proposed to solve fuzzy clustering problems.
Fuzzy c-means algorithm is very sensitive to initialization and easily gets into local optima, but the new algorithm
may avoid these shortcomings. This paper chooses the objective function and validity function as the evaluation cri-
terion. The FGSAFCM was tested on ten classic datasets, and the experiment resulis show that the new algorithm is
more accurate and robust than the sole fuzzy c-means algorithm.

Keywords; fuzzy clustering problem; fuzzy c-means algorithm; gravitational search algorithm; fuzzy gravitational
search algorithm
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algorithm, GSA) ! 22 iy Rashedi 1 Nezamabadi-pour
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2.1 WRENATRSINERE®

FHEE H#RER™"? (gravitational search al-
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AN RS d e E LB HMAMEN A R R A

N

Fi(s) = 2 rande:;-(t).

=T

KA :rand, B—N0,1] XIH P HIRENLEL, W T8
HHREPLAE

AR L TS d Y= IR B B R () 3
HiSH

Fy(t) = G6(¢)

Fi (1)

#0) = 3. )
KA M, () R MR BRERE. MR E
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A of (0) B L S d i) LR, ] (¢)
MK i 725 d =B BB, rand, B—A[0,
1] X B Y E9 SR 8K, 1T LA 58 B0k B REHLIR R BE ).

Go RIAFTGI IR G BHIGME , FEE 2 K%K



- 522- BB R & % #®

R

B3I, G BB/ R RI R EE M. 6 —X
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6(1) = G(1y) x(;o)",ﬁ <1,

F1 5 & RS 1 R Bl A 1 N R RO A
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AR R BRI R
My =M, =M, =M,,i=1.2,N,
fit,(t) — worst(t)

m,(t) = best(t) — worst(z)’
mi(t)
M =—~— ®
2,-=1mf(t)

A iy (¢) RN @ BT E) ¢ 0938 N,
best(t) I worst(¢) & XN, (10) ;
best(t) = o {fr;i{l. N}fitj(t) s

worst(t) = jE{fI’lz?’l.).(.’N}fltj(t). (10)
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Pang %7 7E 2004 4E 21 T —FME BB TR
B¢k (particle swarm optimization, PSO) F F 3K f# fik
4774 5] % ( traveling salesman problem, TSP) , ‘& 3
AT AL IR SRR B 2 H R R, A3
R RET AT HERB LR KRB R
KRR, f=_ 1 TERI A5 RBIE (fuzzy gravi-
tational search algorithm ,FGSA).
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SAFCM & . 7 FGSAFCM B4, BEw IR H
FGSA Bk IR TRV MG, RBA A FCM Bk
HETRAER. ZBEMRA T FCSA Fl FCM BILH
DU, ARORR T X ¥ IR EEURA S T RA R &
PUAYBR .

£ FGSAFCM B¥EH , MR Bl —1 n
17 ¢ FIBIRERERR 56 i 1758 j SIRI LR R AR i
BT WRE, e, e MR A B ik
B—AMT 8RR, SR meE 1.

Xy | Xypp eee | Xy, e | Xy | Xy s | %

ne

B 1 FGSAFCM ®EHE kg HE
Fig.1 The presentation of an object in FGSAFCM

FGSAFCM B LSRIBHORI SR 2L MR WA T
1) B oAk B Kk IR B maxt B HAMS4

2) A BIRETIRE TR AL AR AL B AR
3) B EIKEL: Gen, =Gen, =Gen, =0;
4)FGSA BH:).

OF|F FGSA BILEHR R G
®@Gen, = Gen, +1;UNR Gen, <8,54);

5) XA

OME i LB FRAFRZ BRI
@H FCM BIEEH K L

@Gen, =Gen, +1; N5 Gen, <4,55)
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4 GEEB

S IE N : Pentium 2.0 GHz 4hBE#$,1.00 GB
WA, % H Visual Studio 2008 4##5.
4.1 HIEE

SEEEUIE A FE ArtSetl | ArtSet2 | Fisher’ s Iris
Breast-Cancer-Wisconsin ( Cancer ) ., Glass., Wine., Con-
traceptive Method Choice ( CMC) . Vowel ™ . Teaching
Assistant Evaluation ( TAE ). Vertebral Column
(VO) ™10 MR 4. X BB £ | TR+
4 mAERAFEEE , A —E R

ArtSetl Fll ArtSeR2 2 2 P N EEHE L ; Iris HIE
3REREE, BRAEER K. Zh R I
BT 4 ASHFAE ; Cancer ST 40 MR/ A IR &%
PSRG9 NMRFE BB AE 2 B AR 1 2 2K
Glass ETYTHHE M B 5855 O M EIEBEE 7 4
6 25; Wine 438 3 25, BN ERR AEFR . C

FE4E 13 ANFRAE; CMC 5 T 1987 4E B JE 1Y 3 52 A
, REMSEITHEES SRR S o R K
B2 A B S 3 255 Vowel A3 6 Fp AR L
WEERSEETERE, BMHES 3 MRIE; VC
72 Henrique 7E—WR B 2=/ 55 FP BE 3 H SR 19, AR 1%
6 MMEYPEFHER AR SR 4 N IEH SRR AR
BHERTRE 3 25, TAE 2 B R B K22 3 7 R B
HHXTF 151 B B IRPEE B 00, B 5 0E
MBS R AR B 3 2K BB SR A
RRE 1.

x1 HEKHRR
Table 1 The description of datasets
$iE
KA BAER  BIRERD(EIIRAD)
EAK
ArtSetl 3 2 300(100,100,100)
ArtSet2 3 3 300(100,100,100)
Iris 3 4 150(50,50,50)
Cancer 2 9 683 (444 ,239)
Glass 6 9 214(70,76,17,13,9,29)
Wine 3 13 178(59,71,48)
CMC 3 9 1 473(629,334,510)
Vowel 6 3 871(72,89,172,151,207,180)
VG 3 6 310(100,60,150)
TAE 3 5 151(49,50,52)
42 RBER

TRBHIRE . FCM Bk, m MERER 2,
BRIEAKEL maxt 7 100; FGSAFCM H ik o, Fiff
HHKRER20, 7H7 HEEHME G, 5 100, KK
HHRWRE R 20. LB 45 R K 10 Rk L LB F 1y
{H. 7 BREMNEFR LR, FIA T AR
PE4 %% ( PC) Partition Coefficien o1,

BRI A id

n

PC F{EK, AP A SRR K. % 2 %
3 4331 FCM 35 1 FGSAFCM 235 19 B 47 B 5
18 AR B R S RS AT . AR 2 Ik
3 TR, Tt 2 B AR SR, R A S B
{8 ,FCSAFCM LB T FCM 23k, 3 ELREE
RGN XA LR T B, T A T
TR A S .

V,.(U) =



- 524 - BB R G ¥ H F6k
%2 FCM,FGSAFCM Hi%p) B #x R B{EXIEL
Table 2 The comparison of objective function for FCM, FGSAFCM
FCM FGSAFCM
b VEIEE
BE B Ty BE B Ty
AriSetl 198.75 198.75 198.75 198.25 198.16 198.19
AriSet2 1 656.69 1581.32 1593.64 1574.52 1573.27 1573.52
Iris 71.18 65.12 66. 26 64.59 64.51 64.52
Cancer 2 198.72 2 197.48 2 198.10 2195.71 2195.71 2195.71
Glass 72.22 70.49 71.24 69.76 69. 68 69.70
Wine 12196.40 11 674.00 11 827.70 11 464.4 11 464.40 11 464.40
CMC 3 529.74 3 508.52 3 512.89 3 493.74 3 493.74 3493.74
Vowel 69 884.90 68 331.20 69 108.10 66 397.7  66212.80 66 282.90
v 4108.54 4 106.05 4 106. 83 4 100.06 4 099.36 4099.78
TAE 744.33 743.78 743.85 743.71 743.44 743.47
&3 FCM.FGSAFCM HZEmMEIUEHRE PC Xtk
Table 3 The comparison of validity function for FCM, FGSAFCM
FCM FGSAFCM
b VEIEE
BE B Ty BE B Ty
AriSetl 0.92 0.92 0.92 0.93 0.93 0.93
ArtSet2 0.81 0.81 0.81 0.81 0.82 0.82
Iris 0.78 0.78 0.78 0.88 0.88 0.88
Cancer 0.84 0.84 0.84 0.88 0.88 0.88
Glass 0.49 0.49 0.49 0.68 0.69 0.68
Wine 0.79 0.80 0.80 0.83 0.84 0.84
CMC 0.70 0.70 0.70 0.79 0.79 0.79
Vowel 0.55 0.55 0.55 0.66 0.66 0.66
v 0.63 0.63 0.63 0.79 0.81 0.80
TAE 0.56 0.56 0.56 0.78 0.82 0.80
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As a continuation of IHMSC 2009 to IHMSC 2011, which were held successfully in Hangzhou, Nanjing and Hangzhou re-
spectively, the 4th International Conference on Intelligent Human-Machine Systems and Cybernetics (THMSC 2012) will
take place at Jiangxi Normal University in Nanchang, China, between 26-27 August, 2012. The aim of this conference is
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