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Application of Improved Size Constrains in Clustering Methods
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Abstract: Size constraints can improve the clustering performance of clustering methods. H ow ever the differences in
the size of clusters, i. e. the number of instances contained in each cluster will decrease the clustering performance.
This paper introduces a new scheme of size constraints on size of each cluster and transforms them into linear pro-
gramming optimization. Experiments results on UCI benchmark datasets show that the new method outperforms the
random scheme. The clustering performance can be increased even when the size constraints are relaxed to some ex-
tent. Thenew algorithm can increase the clustering accuracy efficiently.
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1 1
ARI NMI
Iris 1 0.846 7 0.2559 0.641 6 0.6750
0.846 7 0.2559 0.641 6 0.6750
0.846 7 0.2559 0.641 6 0.6750
W ine 1 0.707 9 0.440 0 0.386 3 0.438 3
0.816 5 0.327 5 0.491 9 0.5456
0.853 4 0.301 3 0.524 5 0.572 4
Balance Scale 1 0.524 8 0.702 0 0.138 9 0.093 1
0.637 6 0.581 7 0.242 1 0.1824
0.661 7 0.538 6 0.289 8 0.2103
lonosphere 1 0.803 4 0.353 4 0.405 6 0.292 6
0.894 9 0.269 8 0.515 3 0.3847
0.914 7 0.221 3 0.564 4 0.4252
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