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Density peak clustering algorithm based on data

similarity and gravity theory

ZHAN Kang, WANG Yiwen, HE Xiongxiong

(College of Information Engineering, Zhejiang University of Technology, Hangzhou 310023 )
Abstract

In this paper, a Ll-norm based data similarity density peak clustering (SLDPC) algorithm is proposed to solve

the problems of parameter sensitivity, algorithm discontinuity and clustering fragmentation in density peak clustering

(DPC). The local density is determined based on the data similarity, and the gravity theory is used to enlarge the

difference between cluster centers and non-cluster centers. The cluster centers are determined automatically by set-

ting a threshold value. The clustering partitioning is merged by a merging strategy based on edge distribution. A to-

tal of 16 data sets are used in the experiment, and compared with DPC, K-means, density-based spatial clustering

of applications with noise (DBSCAN) and the improved DPC algorithm. The experimental result shows that the pro-

posed method has excellent clustering accuracy and good stability.

Key words: clustering analysis, density peak, data similarity, gravity theory, cluster merging
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