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A lot of clustering algorithms based on grey theory, especially based on the grey relational matrix,
have been already reported, which finds out a prototype of each class by moving given instances as a
vector. We developed new clustering procedure called grey K-means, which is able to obtain the number
of required clusters beforehand, such as the hard X-means or the fuzzy c-means. Assuming the number
of found clusters by the proposed procedure is between 1 and the number of given instances, a required
threshold value is exist in [0,1]. We defined a value range of the threshold as the interval grey number,
and the range is searched automatically until obtaining the required clusters. In addition a new clustering
method which analyzes the grey relational matrix closely instead of moving vectors is suggested. Several
well-known data sets in the classification problem are applied, and we discuss its performance and the
optir 1 threshold value in that range.
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ALGORITHM DIRECTCLUSTERING
% fig(f) = TRUE & x; is classified.
% fg(i) = FALSE & x; is NOT classified yet.
I := Globalized GRA (X5,%2.7*~ +Xm:§ )i
Elements of I' is.separated into 0 or [ with y;
% Analyzing I' to find clusters
FORi:=1TOm
FOR j:=1TOm
1F fig(i) # TRUE
% Pursuing x;'s nei,

ghbor
(I, class, fig) := PURSUINGNEIGHBORC(, I', class, i, cluster No.);

Add | to the amount of clusters (same with cluster No.);

ALGORITHM PURSUINGNEIGHBOR(target, I', class, fig, cluster No.)
FOR j:=1TQm
IF (¥(Furgens %) = 1) A{target = j)
class(J) := class No.;
% Found oneself
fg(j) := TRUE;
FORi:==1TOm
Yixi.x;) =0
END
ELSE IF (V{Fasger,Xy) = 1) A (target # )
% Found next neighbor
class( ) := class No.;
fig(j) .= TRUE; ~
¥{Xuarger Xy ) 1= 0
(T, class, ﬂg) = PURSUINGNEIGHBOR(j, I', class, flg, cluster No.);
END
END
RETURN I, class, fig;
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Name Nr. of Class | Table Size
GLASS 7 214 x 9
IONOSPHERE 2 351 x 34
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Direct Clustering
Range of Nr. of Running
¢ Data Set P* Y P, | ®L: | ®R; | Sum
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Direct Clustering Grey Classification Network
¢ Data Set Best (%) Y Best (%) Y
GLASS 34.1 o 40.2 0.7249 < @ < 0.7259
2 | IONOSPHERE — — 63.8 0.4251 < @y < 0.5131
IRIS 68 P 96 0.851 < & < 0.86
WINE 33.7 P 41.01 0.6405 < &y < 0.6425
GLASS 346 | 0.6588 < &y < 0.7275 36 0.7277,0.7487 < &9 < 0.7557
10 | IONOSPHERE — — 56.1 0.414 < &y < 0.482
IRIS ‘ 66 0.8588 < &1 < 0.8748 96.7 0.8403 < @y < 0.8493
WINE 33.7 | 0.7042 < &y < 0.7132 36.5 0.6547 < @y < 0.6577
GLASS 346 | 0.6510 < @ < 0.7200 36.9 0.7265 < ®y < 0.7273
15 | IONOSPHERE — — 56.1 0.4201 < & < 0.5081
IRIS 66 0.8580 < & < 0.8750 6.7 0.8401 < @y < 0.8521
WINE 33.7 | 0.7079 < @ < 0.7179 36.5 0.6207 < @y < 0.6287
GLASS 34.6 | 0.6501 < @y < 0.6041 36.9 0.7268
25 | IONOSPHERE — — 56.1 0.4034 < &% < 0.5064
IRIS 66 0.8589 < &y < 0.8749 96.7 0.8399 < ®y < 0.8529
WINE 33.7 | 0.7086 < &y < 0.7206 38.2 0.6195

ifornia, Department of Information and
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