






where 1('; u, 2::) is the density function of the (multivariate) normal
distribution- with mean U and dispersion matrix 2::, and q is the
mixture proportion. Forthe simplicity and making the situations
comparable with ours, suppose that 2:: = I is known. Then the
M LE of u's and q are obtained by Picard iteration of the following
equations:

3. Mixture problem

The resemblance of the fuzzy k-means clustering to the maximum
likelihood estimation procedure for the normal mixture problem is
pointed out in Bezdek (1981), Chap. 6. Day (1969) investigated the
maximum likelihood estimation for the two component normal
mixture distribution
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The similarity of these expressions to those of the fuzzy k-means
clustering «7), (8» is obvious.

The MLE under normality is known to be very sensitive to
outliers and non-robust. Exhibit 8 shows the summary of the
simulation experiment conducted in order to assess the robustness of
the MLE. In the experiment, three models (distributions) with
different outlier-proneness are examined;
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As is obvious from Exhibit 8, the MLE is very sensitive for the
existence of one outlier, and the mean square errors (MSEs) increases
catastrophically, while the MSEs of v calculated from the modified
k-means fuzzy clustering (p = 2,-a = .31, A = I) are stable.
Exhibit 9 shows the distribution of the MLE and v. The distribution
of v is almost normal irrespective of the models, but those of the
M Lt: for Model 3 and 5 are strongly skewed, which explaines the
high MSEs of the M LE.

Several authors (for example, Marriott (1975) and Bryant and

Williamson (1978» have pointed out that for the mixture distribu­
tion the estimation after the hard (k-means or other maximum
likelihood type) clustering is inconsistant and Day's approach is
preferred. But in the real application, Day's approach should be
applied after the thorough investigation of the data, especially the
close detection of outliers, and some robust alternatives such as the
modified fuzzy clustering proposed here would be promising.

Exhibit 7. Effects of misspecification of k
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Exhibit 8. Comparison of fuzzy clustering

and MLE for normal mixture distribution

Model 0 Model 3 Model 5
MSE MSE mean MSE

", -1.11 .09 -1.11 .11 -1. 12 . 15
Fuzzy

k~2 ", 1.04 .10 1. 12 .11 1.09 .13

a=.31 ( .03) ( .01) ( .03) (.02) ( .03) (.02)
A~I

", -1.04 .11 -1.16 .48 -1.7
MLE

", 1.01 .15 1.09 .25 1.8

( .03) (.02) ( .on

Iteration 100

Figure in the parenthesis is standard error

4. Discussion

method without it is now under study, which would extend the
applicability of the modified robust method. The approach of Art
et al. (1982) adopted in SAS ACECLUS might probably be
promising. As is pointed out in Section 2, the construction of the
measure of the validity is also under study. Some entropy-like
measures might be promising.

Gustafson and Kessel (1979) proposed a modification of the
fuzzy k-means clustering which has ability of detecting the clusters
with different shapes. A robust modification of their method is an
attractive subject.
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The modified fuzzy k-means clustering proposed in this paper
requires a rough estimate of within-cluster variation. The adaptive

Exhibit 9. Distribution of )J 1
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APPENDIX

SAS-MATRIX program for the robust ruay k-meansc1ustcring.

ROBUST fUZZY CLUSTERING
1983 JULV V.OHASHI

PARAMETERS VHICH SHOULD BE
SPECifiED BV USER ARE,

_OATAO_._NUM_._RAOIUS_._HM_._ALP
_OATAO_ DATASET FOR ANALYSIS -
_NUH_ NUMBER OF CLUSTERS
_RADIUS RADIUS FOR fASTClUS
_MM_ PARAMETER M
_ALP PARAMETER ALPHA........................................... :

PROC FASTCLUS DATA·_DATAO_ MAXC._NUM_
our-OUT RAD1US·_RADIUS_ DRIFT LIST;

PROC MATRIX:
FETCH 0 OATA.OUT;
_MM_l-_MM_-11 I; _MM_Z-\#I_MM_I;
N·NRO.... IOI; P-NCOllOJ-(Z): PI.P"{I);
U,lJ"OESIGN(OI ,PI»)t IJIN,I ,8);
0-0 I ,1: P) :
K·NCOUU""J: KJ"K-(II;
UI-JIN,K,ll: V-JIKI,P.I): OIST"J(N.K.l,;

INITIAL IZATION :
lTEMAX-SS:

ITERATION START
00 ITE-l TO ITEMAX

....HI~E t ANV(ABSIUI-U,lJ) )- "".Btl):
UI"U8:
00 JJ"J TO KI;;

UJ·Ul(,JJ)##_MM_:
SS-SUM(UJI:
VIJJ. 1-( (DIAGIUJI~O){.,)lOSS:
OIST( ,JJ)·C to-J(N, I, I )~V{JJ, I I""Z)( .• ,:

END;
OISTI ,K)·I(I)-_ALP_I"I_ALP_:
OIST·DIST<)( .00011:
OIST-OIST##(- MM Zl;
OISTSUM-OISTC- .• );
US.,INV(0IAG(0ISTSUHll-D1ST;

END:
ITERATION STOP ;

NOTE FINAL MEMBERSHIP:
PRINT UI:
NOTE NUMBER OF ITERATION;
PRINT ITE:
NOTE CENTER OF CLUSTERS;
PRINT v;
UI-UI< )(JtN, K •. SeeDl) I;
ENTROPV=( ~Ul"LOG(UI 1 II.,.):
NOTE ENTROPV;
PRINT ENTROPV:

RUN;


