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Feature-reduction fuzzy clustering algorithm based on marginal kurtosis
measure

PAN Xing-guang"*', WANG Shi-tong'

(1. Digital Media School, Jiangnan University, Wuxi 214122, China; 2. Engineer Training Center, Guizhou Minzu
University, Guiyang 550025, China)

Abstract: The feature reduction fuzzy c-means (FRFCM) algorithm has been proven effective for clustering data with
redundant features. The FRFCM can automatically compute individual feature weight, and simultaneously reduce these
redundant feature component. However, it still has the following disadvantages: 1) the large MVR value of original
features may become small if the data is normalized, and vice versa. 2) the MVR value of important features of some
datasets is not necessarily large. 3) feature assignment is sensitive to initialization. The FRFCM may produce wrong
weights if initialization is improper, which can deteriorate the clustering accurancy. Therefore, we first devise a new index,
named marginal kurtosis measure (MKM), to measure the importance of features instead of using MVR index. Then,
a novel and robust feature reduction fuzzy c-means clustering algorithm based marginal kurtosis measure is proposed.
Experiments on synthetic and real-world dataset demonstrate that the proposed method is effective and efficient.
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HEFAE, T EETH 1 509 1038 473 B AN SR 251 IE 1

UL SCHR [24] 70 RZE oG, TR BEN LI 4G
A AE AL, $14T WKM. EWKM. WECM. SCAD?2.
ESSC. FRFECM FIA L5, SR J5 LA 25 S0 504
Dy ERRBLE R (N E4). T WKM. EWKM A6
1F By 43 B0 4R 0 A, 3R 2K 45 SRR L 4E, WKM #% 3R
A8 b I b A 22 K, U BRI 0 W 4E Ak Al R R
J&; SCAD2 I ESSC fit 45 R Ak 43 e 1E s 1) B (WL 3%
5), B LE BT FRECM [F]FE R A P2 AE IE A AR 45 AE
B, (BAE X LA H0d 45 B R R e pn g, 3L
JRBE 2 XF Dy JH—4k J5 , FRECM 5373 it 28 & 4 4
AEAE 22 5N K (LI 3), (B 4% 1/ v/nd #5043 21
(1) E 9 0.025, FFAE B EE B 35 K T BE, FIE IR B
T AR, A AT R4 k.

%= 5 SCAD2FESSCEAEYI—1 Dy EHIFHE S ED
BvE B UERRAE S24ERSE S SUEIRAE S 4 4EESE

0.246 0.253 0.265 0.235
SCAD2 0.233 0.264 0.275 0.227
0.198 0.321 0.329 0.152
ESSC 0.133 0.367 0.380 0.120

3.1.2 SEE2 (& BVEFE Dim 032 ~ Dim 1024 AMA
THHEE ERRNT )

S 2 A 1 6 /N EHE 4R 3 B 1 024 MR, 3
1625, BB 64 AN FEAR, HEE 32 2 1 024, £ di 4k
AT MSCRIR [25] 19 0T B FREX. 3 6 /> Hi a4 1) v 4
GENE6. KTHTMAFELEILLE 6 N THH
MR BLER.

*6 mETEM N ALHES

Hopadk BEAKC RS BRSREL RERRSEEAML
Dim 032 1024 32 16 64
Dim 064 1024 64 16 64
Dim 128 1024 128 16 64
Dim 256 1024 256 16 64
Dim 512 1024 512 16 64
Dim1024 1024 1024 16 64

K EVE SCAD2. ESSC I FRECM 7EiX 6 1™ %
P R 2T a8 0.997, NMI 48 b5 1) 15
E¥I4 1, ARIFEAR A N 1. 5 WKML.EWKM 1
WFCM % S8 By A1 b, 7 SC B 10 3R 28 R0 B
(). BZA FRFCM R 371 5 A SCHE A 4, SCAD2,
ESSC I FRFCM 77 ¥2: ) 58 8RR ANA SC B AH 30 B
FH ], AR 3K 3 AN S300 (138 47 I 18] AH X6 4% 1. FRECM
SR IR TR AN R AR D, AR B R AE A
% . {E ¥4 Dim1 024 |, FRECM 551 51 523 4
AN EE ERAE, BRI AL OB R T 501 A E
iE; 17 A 32 BRI 700 AN B B AR, AR T
324 AN ERRAE A F RS W] 00, AR SO AR K s
(AN BB R AE AN L AR AE M B I, BB R T Sk IE
ifly FL PR T b 4 B0 Rl 20 A () D A28, 3 SR B —
(1) B8 WL U6 16 T V240 46 A B8 28 v o, T A S BV A
N THHERE BB T S, fE6 N AT
i 3 M ERE AC. NMIFI ARI #2418 23 51 9
0.999.1.000 10.999. ESSC i MR KRB IR 2,3/
TR EAME 43 ) 9 0.879. 0.957 F110.856. A S 51k
(1) 45 48 b 23 79 L ESSC v it 7 13.65 % 4.49 %
H116.70 %. FRECM 575 1 58 5 M B8 A M1, 36 )5 DR 2
FRECM S35 06 0] 46 A URK, 5 SO A RS N RRAE 1IE 7
o3 BOAS L, o A AR AR ) ok, T R B A B AR
FI T 5825, K, FRECM F 58 28 25U AN BARL
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F7 BEZEEDIMO032 ~ Dim 1024 $iEE FHBHLER

BAREYEE TPNIERRR WKM EWKM WECM SCAD2 ESSC FRFCM ARSI
AC 0.682+0.083  0.9334+0.043  0.9944+0.021 0.9954+0.017 0.995+0.019 0.995+0.017 0.984 £ 0.036
Dim 032 NMI 0.9054+0.031  098240.013 0.998+0.006 0.9994+0.005 0.999+0.005 0.999+0.005 0.996 + 0.010
ARI 0.681+0.093  0.93240.046 0.995+0.020 0.9954+0.018 0.995+0.019  0.995+0.018  0.984 4 0.035
AC 0.6404+0.083  0.938+0.035 1.000£0.000  1.00040.000  1.000£0.000  1.000+0.000  1.000 = 0.000
Dim 064 NMI 0.890+0.032  0.98340.010 1.00040.000 1.000+0.000 1.000+£0.000  1.000£0.000  1.000 £ 0.000
ARI 0.6394+0.100  0.9384+0.034  1.0004£0.000  1.00040.000  1.000£0.000  1.000 +£0.000  1.000 & 0.000
AC 0.654+0.082  0.948+0.047 0.302+0.081  1.00040.000  1.000=£0.000  1.000+£0.000  1.000 =+ 0.000
Dim 128 NMI 0.895+0.031 0.986+0.013 0.683+0.077 1.000+£0.000 1.000£0.000  1.000£0.000  1.000 £ 0.000
ARI 0.6494+0.092  0.9464+0.050 0.2704+0.091  1.000+0.000 1.000£0.000  1.000£0.000  1.000 £ 0.000
AC 0.606+0.101  0.9854+0.028 0.263+0.072  1.00040.000  1.000£0.000  1.000 £0.000  1.000 £ 0.000
Dim 256 NMI 0.876 £ 0.041  0.996+0.007 0.657+£0.063 1.00040.000  1.0000.000 1.000+0.000  1.000 = 0.000
ARI 0.605+0.108  0.98540.028 0.2374+0.070  1.000+0.000  1.000£0.000  1.000 £ 0.000  1.000 £ 0.000
AC 0.6134+0.066 0.977+0.031  0.344+0.072  1.00040.000  1.000£0.000  1.000 +0.000  1.000 & 0.000
Dim 512 NMI 0.883+0.026  0.99440.008 0.720+£0.057 1.00040.000  1.000=£0.000  1.000£0.000  1.000 = 0.000
ARI 0.623£0.066 0.976+0.032  0.3054+0.071  1.000+£0.000 1.000£0.000  1.000£0.000  1.000 £ 0.000
AC 0.6124£0.095 098940.025 0460+0.076 1.000+0.000 1.000+£0.000  1.000£0.000  1.000 £ 0.000
Dim 1 024 NMI 0.8754+0.044  0.997+0.007 0.809+0.045 1.00040.000  1.000£0.000 1.000+£0.000  1.000 = 0.000
ARI 0.598+0.119  0.989+0.025 0457+£0.099 1.00040.000  1.0000.000 1.000+0.000  1.000 = 0.000

3.1.3 SR 3 (BHERE 12D KBRS ERSER
Xt )
R8LH T 124 HSE R AR 1 Hdi (5 .
#8 DRANESHEENIEES

o A% SR T
iris 150 4 3
mammographic 830 5 3
bupa 345 6 2
contraceptive 1473 9 3
wine 178 13 3
waveform 800 21 3
wdbc_all 569 30 2
wpbc 198 32 2
sonar 208 60 2
ORL 400 2576 40
SMK_CAN_1987 187 19993 2
GLI_85 85 22283 2

TN T AT AL R LR 5H
i 77 VA B, A ST B I TR T HoAth 6 4 X EE
SR AE 9N HUR AR B IERIVEAN Fa bR 2 s . A
waveform F 8 4 b A SCRRAF FH 44> 5 BARRIE F K,
HERIZE AC = 0.511, T FRFCM {8 7 7 M4E, AC
= 0.522; 7F wpbc ¥4 b, ASCH L 11 > EE
FRIE RIS HERI R AC = 0.576, 1 FRECM fii [ 1
3IAMFAE, AC = 0.581. fEIX A Hdli 4 L, AR
SRVEAS F B /D B R AEAE ] 3845 55 FRECM 42 AH T 1)
RRR, WX A FER, A CHEIER T FRECM &

. 7E ORL 4 48 b, A ST A% Y 215 /> 3 SRR AR
B AC = 0.503, 1 EWKM BEE M HERFIR AC =
0.600 #2 & =, {HE AL T 423010 2 567 48 RF1E 5 2K,
FVLTH RN T 2. BARAE IR 3 M E i 4 b, AR L
SR JER R AN 2 f i AR B IR R AIE 33k 7T A
1532 5 %] EE BEAR B (1) SRR, X AR I T A S
IR 3. A, B T ORL $d 48, A S i r Hodth %
PR b IR MEREAR AR MOARUEZ 9 N F, U A A SC B
AR I &k

RS EEE IR B[] 2 24 FEE X R T 3/ BT B 1)
THE S8 FE R BRI (8] 52 4% B O (nc?d); 2) TR R
H0 Vi T 22 O (ne); 3) EHTBUE w; 7 % O(ned?), &
RIS TR] 2% 2O O (ne?d + ned?).
4 & w0

NS QTS U T R 1R =
. 1 Se R 10 0 FE R R IR KRR B R AR AR,
RIEEET ZIERRE T — D0, SRR
RIS R R L. 40t 5 WKM. EWKM. FCM.
WECM. SCAD2 I FRECM 5 [ B 25 M e #k AT b
B, AR A SLBRE R AR A B A TR B R 1, T il
THRFEINBOR B AN R IE A N RFAIE 43 B AS = 1 i)
R AR SRS FH MKM 4 b ok B2 5 RR AR (1) 3 224,
sk T MVREEFR AL T HLAE 58 285 2 v [ I gk
ATRFIEAR IR, 2T+ T SRR MO SR



> <~ K5 N
2672 7 # 5 & X #36%
*9 BEFERANEIHEENREER
EIEITES DRIECEZ WEKM EWKM WFCM SCAD2 ESSC FRFCM ASCEE
AC 0.85740.178 0.8524+0.104  0.93740.083 0.880+0.000  0.893+0.000  0.900+0.000 0.967-+0.000
iris NMI 0.759+0.230 0.689+0.095 0.85040.088 0.70240.000 0.729 +0.000 0.744 £0.000 0.904 4 0.000
ARI 0.681 £0.093 0.9324+0.046 0.9954+0.020 0.9954+0.018 0.9954+0.019 0.995+£0.018 0.984 4 0.035
AC 0.693+0.163 0.516 4£0.000 0.789 +0.000 0.795+0.000 0.585+0.059 0.792+0.000 0.797 + 0.000
mammographic NMI 0.198+0.177 0.0164+0.012 0.278 £0.000 0.285+0.000 0.106 +0.064 0.278 +0.000 0.288 + 0.000
ARI 0.2344+0.219 0.000 +0.000 0.3344+0.000 0.348 +0.000 0.0394+0.035 0.339£0.001 0.350 4 0.000
AC 0.548 +£0.005 0.548 +0.003 0.548 +0.000 0.507 +0.000 0.5224+0.000 0.507 £0.000 0.572 4= 0.000
bupa NMI 0.503+£0.002 0.503+0.000 0.5034+0.000 0.49940.000 0.49940.000 0.499£0.000 0.507 4= 0.000
ARI  —0.006 4+ 0.004 —0.006 4+ 0.001 —0.007 4 0.000 —0.007 £ 0.000 —0.008 £ 0.000 —0.007 = 0.000 0.007 £ 0.000
AC 0.405+0.004 0.401+0.018 0.4254+0.019 0.3964+0.000 0.4024+0.018 0.409£0.005 0.452 4 0.000
contraceptive NMI 0.366 +0.000 0.015+0.006 0.0314+0.013 0.0284+0.000 0.0174+0.005 0.038 £0.003 0.044 4 0.000
ARI 0.252+0.000 —0.001 £0.013 0.0174+0.013 0.0304+0.000 0.00540.013 0.031£0.001 0.035 4 0.000
AC 0.663 +0.036  0.6854+0.053 0.691 £0.000 0.691 £0.000 0.691+0.000 0.685+0.000 0.695+ 0.000
wine NMI 0.268 +0.046  0.321 +0.053 0.311 £0.000 0.322+0.000 0.324 +0.000 0.308 £ 0.000 0.324 + 0.000
ARI 0.263+0.053 0.317+0.060 0.3174+0.000 0.32340.000 0.3264+0.000 0.312+0.000 0.330 4 0.000
AC 0.522+0.004 0.516+0.004 0.5164+0.000 0.51140.000 0.51440.000 0.514=£0.000 0.511 4 0.000
waveform NMI 0.477 +£0.000 0.627 +0.030 0.61540.000 0.615+0.000 0.627 +£0.000 0.609 +0.000 0.747 £ 0.000
ARI 0.2524+0.000 0.2504+0.001 0.248 +0.000 0.239 £0.000 0.246 +0.000 0.241 +0.000 0.245 + 0.000
AC 0.852+0.000 0.926 +0.006 0.921 +0.000 0.928 0.000 0.930 +0.000 0.926 £0.000 0.956 + 0.000
wdbc_all NMI 0.477+£0.000 0.627+0.030 0.6154+0.000 0.61540.000 0.6274+0.000 0.609 £ 0.000 0.747 4 0.000
ARI 0.486 +0.000 0.7224+0.021 0.706 +0.000 0.7304+0.000 0.736 +=0.000 0.724 ££0.000 0.831 4 0.000
AC 0.5224+0.004 0.516+0.004 0.516 +0.000 0.511 £0.000 0.514+0.000 0.514+0.000 0.511 =+ 0.000
wpbc NMI 0.013+0.011 0.024 +0.006 0.027 +0.000 0.0154+0.000 0.01540.000 0.021£0.000 0.013 4 0.000
ARI 0.015+0.018 0.027+0.016 0.035+0.000 0.0204+0.000 0.020 +0.000 0.022 £0.000 0.018 4= 0.000
AC 0.582+0.015 0.541+0.025 0.536+0.012 0.548+:0.001 0.548 +0.007 0.540£0.003 0.625 4 0.000
sonar NMI 0.059 +0.021  0.024 +£0.023  0.00540.002 0.007 £0.000 0.008 £0.002 0.005+0.001 0.049 + 0.000
ARI 0.023 +0.008 0.004 +0.008 0.001 +0.003  0.004 £+ 0.000  0.005+0.003 0.002+0.001 0.058 + 0.000
AC 0.490 +0.006 0.600 +0.046 0.367 +0.016 0.038+0.002 0.1124+0.033 0.088 £0.623 0.503 +-0.192
ORL NMI 0.775+0.030 0.819+0.018 0.656+0.010 0.3614+0.012 0.4264+0.025 0.354£0.041 0.709 4 0.008
ARI 0.385+0.056 0.597 +0.044 0.227 +£0.013  0.054 £0.008 0.048 £0.009 0.040+0.010 0.343 +£0.015
AC 0.5374+0.015 0.54940.015 0.5514£0.000 0.604 £0.000 0.604+0.000 0.604+0.000 0.613+ 0.000
SMK_CAN_ 1987 NMI 0.004 +0.004 0.007 +0.004 0.007 +0.000 0.0314+0.000 0.03140.000 0.031+0.000 0.351 4 0.000
ARI 0.002 +0.005 0.006 +0.006 0.006 +0.000 0.038 +0.000 0.038 +=0.000 0.038 £=0.000 0.040 + 0.000
AC 0.017+£0.018 0.672+0.052 0.721 £0.040 0.71940.005 0.7374£0.006 0.729 £0.000 0.729 4 0.000
GLI_85 NMI 0.021 +0.011  0.0924+0.076  0.2034+0.052 0.206 £0.018 0.188+0.003 0.213+0.000 0.213 + 0.000
ARI 0.076 +£0.084 0.080+0.075 0.1934+0.047 0.1834+0.009 0.2164+0.010 0.202+0.000 0.202 4 0.000
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