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Abstract

The traditional FCM algorithm relies on the initial clustering center, is sensitive to noise, is easy to
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fall into local optimum, and tends to classify most classes. In this paper, a FCM clustering algo-
rithm based on PSO-TVAC algorithm with adaptively weighted centers is proposed. The new algo-
rithm introduces the weight vector ¢ of centers and the adaptive exponent q into the objective
function to distinguish the different importance of each cluster center. The exponent q and fuzzy
factor m are optimized by particle swarm optimization (PSO-TVAC). Secondly, CWAFCM is com-
bined with synthetic minority oversampling technique (SMOTE) to cluster unbalanced data. The
results of experiments on six datasets (four balanced datasets and two unbalanced datasets) show
that CWAFCM algorithm can effectively optimize the clustering effect and improve the clustering
accuracy on unbalanced dataset.
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FCM Bk R —Rh & 882k 3, 1 Dunn [1]7E 1973 4E42 . BT I8 5 Seil, FEResRE iy
f&s Jm )2 R T EE S . AR aGR . (550, BB B 2] [3] [4]. 1H FCM kAR 1%
TEMRIFRTAE R ot W RS BURR S L 25 Gy BN Jm il S DR A5 b o IS 4P, VR 2 B0t (1) FCM B3 [5] [6]
[7IRERE A RV FR AR 1t DUSR = BRI AR - 4n Ayan Seal 25 A [8]4:2 tH —Fhi i T+ Jeffreys Hit B A AHAUEE
FE &G FCM 5L (DFCM), KoK 7 32 MERE . Niteesh Kumar %5 A [9]145 H 6 A AN 8] FA i 25 i &
J7 ORI N AR, 21T AMFCM &EF1 EMFCM 83, [F, FCM B850 5 A Ak 5021
iAW RRER & T EVERIPERE . a0, SCER[10]3 18 7 —Fp2E T FCM 1 FPSO ik & J 2K 52 (FCMPSO)
FARAE R R . FUNTEME S FIREAR S A ARG T, RRE R, STIR[11]% R 24
IS, $Et 7 HA AR BEMNALE FCM HiL(AFCM).

AFTREEL, BEROERIGE R TR G EEAER, MNERERAFEEENL, FL L, GE
R A A O EEME, MZXBI R B, EXT R E R AR, Jbats R IR
Wi, mTFHERNEFEIES), Pz, Mmoo B2 20060E. i, ARSCiE—H
T PSO-TVAC Ky i AL FCM 2857 (CWAFCM). 5 S8 OB [ w AT & TR 5L
q FINEREE, HUXSENREFOHAFEEME; 88 q FERKET m R B
(PSO-TVAC) LAY T & LAFREARFE N SR 3B B AL A T RE P s A 2420 8 P I B RS B) 2 S P2, BT
H— RV bR AE ACVI, FAER PSO-TVAC SV B B pR B DA i SR MEf R . Ok, B xiL 4
[ SRR IRE A I T ) T 2 BRI A, ASORB R H ) CWAFCM B2 5 R R (SMOTE) A 45
B LUE LTS EEE SRR . B AN AR (YA TP SRS, AT EOE 52) #0477 Sk,
45K CWFCM B R A RO AR R BUR B Re i i AT 4o 52 1) SRRk 2

2. {84 FCM Ex5 SMOTE AR
2.1. =8 c EEER(FCV)
FCM 03 £ BLE i 48 7 SR /MU L B bR SR 5 DA R A IO BORI R 4%, B S B b L R A
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Table 1. Distribution characteristics of six datasets

= L AMBIREN S THHE

HoRgR FEAEL RFEEL FEH KA
IRIS 150 4 3 Al
SONAR 208 &M =2 60 2 P
GLASS 214 9 6 T
WEKA 310 6 3 P

Twomoons 1502 2 2 AP

Spiral 567 2 2 g

42. SKWSHHIRE

SRS O FCM BRI 07 B R4 Aoy, BRI A PSO-TVAC HEA MK+ m. B
ERNBHq AT, BRI R T Py =(m,q) , SREHETRAEH m, g (@ CAFCM 5k
13RI A TR R . IR, AN B EEIIGE 2 [0, L] [ I BENLEL, OB E & o Yt
B4 1 R B RE 1 KB AR B Itera A 200, USSIUBIME eps y 107°. 7E PSO Hikmid fEr,
B RIEARIREL Iterma BEE AN 20, FHEER/NA 20, RiF7E 4 R =R, BT RENSE RSy~
ARIRIEEA 5%, ASCHRIFTA SR ER R MOT E R 30 K, LUHKRBENLERISC N, SRIGA HTFIE. &
AFIRE L, @it PSO-TVAC HikMALS 211 m, q MESIFER 2 .

Table 2. m, g values by PSO_TVAC algorithm
% 2. ©HPSO-TVAC B AMER m, q (&

EVEIIES m q
IRIS 2.49 1.65
SONAR 1.98 241
GLASS 2.01 2.34
WEKA 2.04 231
Twomoons 1.03 2.50
Spiral 1.34 2.76

4.3. SEWEERHR

N TSRO A S, AR SCEEUE WA A bR Xie Beni RFR(CVixg). K UEHZ
(Accuracy). Fr#ETL(ZEE(NMI). CVixg fHilk/N. Accuracy A1 NMI kA i B SR SEASCSLBR AT o 1T X6 AN~ %
P, SRS, H R FL A =N AU B 55 ] DA 2 BRI B 1 . SRER 2 R 4 3~8
ME 125 H AR IRIS |, Bk CWAFCM TEF84: CVIxe AT NMI R T 5548 J LRI 2, {2 Accuracy
g ZF JIDFCM 1 5 AFCM #[A; 7E SONAR _E, CWAFCM 7£ Accuracy Al NMI #a#x_E# A BT A
SR=FhEEE, CVixg EAEDURNELE T HES —; 7€ GLASS 1, CWAFCM [f] Accuracy £l NMI #HE4 55—
7 WEKA 1, CWAFCM BN 1) Accuracy 1H, NMI I&HbF AFCM §ik. xfFAFlddesE, 76
Twomoons |, CWAFCM 1Xf5 CVlxg 1 Precision B&i#-F AFCM. fE Spiral -, CWAFCM ¥4 Precision
KT AFCM. yitt—25 i B S2B6 45 B a Rk, 14 1 45 7 R ) A Bk A DU AN AS [R) St 4 b e St 28
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2% B AR AP S BRI . 28 ERTIA, Hi5EiE CWAFCM FE NNl AR T = Fonf BL A
A BUF IR

Table 3. CVIyg, Accuracy, NMI on IRIS
5% 3. 7£ IRIS _EHY CVIyg Accuracy, NMI

Hik CVlixg Accuracy NMI
FCM 0.1369 0.8933 0.7465
AFCM 0.1631 0.9067 0.7441
JDFCM 0.6244 0.9267 0.4445
CWAFCM 0.0241 0.9067 0.7487
Table 4. CVlyg, Accuracy, NMI on SONAR
%% 4. 7£ SONAR _EHJ CVixg Accuracy, NMI
Hik CVlxs Accuracy NMI
FCM 2.1876 0.5529 0.0088
AFCM 3.0530 0.5529 0.0090
JDFCM 0.7018 0.5529 0.0068
CWAFCM 2.0041 0.5577 0.0105
Table 5. CVlyg, Accuracy, NMI on GLASS
5% 5. 7 GLASS _EAJ CVliyg Accuracy, NMI
Bk CVlixg Accuracy NMI
FCM 2.3578 0.4910 0.3593
AFCM 4.2614 0.4393 0.3277
JDFCM 0.3852 0.5187 0.3393
CWAFCM 2.3933 0.5514 0.3937
Table 6. CVlxg, Accuracy, NMI on WEKA
5% 6. £ WEKA _E#J CVIyg Accuracy, NMI
Hik CVlxs Accuracy NMI
FCM 0.3154 0.5452 0.4172
AFCM 0.4708 0.5548 0.4224
JDFCM 0.8072 0.6161 0.1658
CWAFCM 0.4751 0.6742 0.4216

Table 7. CVlxg, Accuracy, NMI, Recall, Precision and F1 value on Twomoons
5% 7. 1€ Twomoons ##E& I CVIyg, Accuracy, NMI, Recall, Precision 1 F1-value

Hik CVlxg Accuracy NMI Recall Precision F1-value
FCM 0.1423 0.7310 0.1761 69.33% 78.31% 0.7355
AFCM 0.0968 0.7117 0.1713 64.30% 81.10% 0.7173
JDFCM 0.1566 0.6818 0.0152 67.74% 75.70% 0.7150
CWAFCM 0.1765 0.7350 0.1812 69.83% 78.61% 0.7396
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Table 8. CVIyxg, Accuracy, NMI, Recall, Precision and F1 value on Spiral
3% 8. 1£ Spiral ##EE LAY CViyg, Accuracy, NMI, Recall, Precision 1 F1-value

Hik CVlxg Accuracy NMI Recall Precision F1-value
FCM 0.2808 0.5839 0.2441 62.16% 57.54% 0.5975
AFCM 0.3012 0.5882 0.2788 62.46% 56.11% 0.5911
JDFCM 0.3654 0.5898 0.1575 62.33% 56.84% 0.5944
CWAFCM 0.2244 0.6024 0.2768 63.64% 58.56% 0.6099
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Figure 1. Convergence curves of each algorithm on different datasets
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