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Split-Merge Based Clustering Algorithm Oriented to Structure Stability of Clusters
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Abstract Clustering is to find the best partition of unlabeled observations under a certain group stucture hypothesis.
Given the group stucture hypothesis, the most clustering algorithms is to to iteratively optimize of fittness of data distri-
bution (called algorithm validity). In fact, the clustering validity is determined by three factors: hypothesis, algorithm
and apriori validity. Therefore,a variation of gaussian mixture model was proposed in this paper, then the measurement
and estimation method of cluster structure stability were defined. Based on them, the SMClus algorithm was designed to

achieve the stable clustering structure by means of split-merge operations. The experiment shows SMClus’ performance

in clustering quality.
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Begin
/HARHBERES VBN RERE s — Tk
Var SetOfSngCluster = {s};
/IRBEREERS TR
Var SetOfStableSngCluster = {};
/I REBERES IR A
Var SetOfOutlierSngCluster = {};
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SngCluster = SetOfSngCluster. pop();/ /{8 B
/* HIW R SngCluster RERE * /
SplittedSngClusters = split(SngCluster) ;
dens = calcDensity(SplittedSngClusters) ;
[/ BBk R R
OutlierSngCluster = deQutlier(SplittedSngClusters) ;
SetOfOutlierSngCluster. pushback(QutlierSngCluster) ;
bStable = isStable(dens);
/ /B SngCluster BE, MHEHMABELEES BN
BEOOBMARFHECRERS
If (bStable) {
SetOfStableSngCluster. pushback{SngCluster) ;
} Else ¢
TwoSgnClusters = biSplit(SngCluster) ;
SetOfSngCluster. pushback( TwoSgnClusters) ;
}
} While(! SetOfSngCluster. isEmpty() );
End
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D VHE RN E N REE S SetOfStableSngCluster (#] 15
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/I BERE B, B R R
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End
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End
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