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S-DBSCAN:: an algorithm for finding high density
clusters based on DBSCAN
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Abstract

Considering that when the algorithm based on density-based spatial clustering of applications with noise ( DB-

SCAN) is applied to interactive data mining, certain algorithm parameters are usually adjusted to find new knowl-

edge, and the data set used in data mining is relatively stable, this paper presents an algorithm for finding high

density clusters based on DBSCAN, called the S-DBSCAN algorithm, and determines the parameters needing to be

adjusted, the &, neighborhood of an object, and the MinPts, minimal number of objects of e-neighborhood to form

a core object. Then three different combinations of the variations of e-neighborhood and MinPts fit for the S-DB-

SCAN algorithm are introduced, and the rightness is demonstrated and the time complexity is analyzed. The experi-

ments on real and synthetic data were performed to verify the efficiency and the results show that the S-DBSCAN al-
gorithm has a better efficiency than DBSCAN.

Key words: density-based spatial clustering of applications with noise (DBSCAN), S-DBSCAN, high density

clusters, clustering, parameter changing
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