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Abstract: To estimate cluster number and achieve a better clustering performance, a divisive
hierarchical clustering algorithm based on grey relational measure was proposed. In this algorithm, the
grey relational measure is used to measure the degree of similarity between data sets. On the basis of
the way of density-based extension, the algorithm divisively generates hierarchical partitions of data
set. And then the clustering validity index is defined based on the grey relational measure. The
partitions corresponding to the extremum of the validity index curve are used to estimate the number of
clusters finally. Computer simulation on real and synthesis data sets shows that compared with the FCM
(fuzzy C-means) algorithm, the proposed algorithm has a 3. 7% improvement in average clustering
correct rate and is good for arbitrary-shaped clusters.
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