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Research on Density Clustering Algorithm Based on MST

WANG Cheng, GAO Xing—dong
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Abstract; The clustering effect of the traditional DBSCAN algorithm on the data set with uneven density distribution is not ideal ,and the
clustering result of the traditional algorithm is sensitive to the neighborhood radius (Eps) and the core point threshold ( MinPts). To
solve the above problems, the traditional algorithm is improved, and a density clustering algorithm based on minimum spanning tree
(MST-DBSCAN) is proposed. Since the distance between objects has a greater impact on the clustering results, in order to better
represent the distance characteristics between objects, first use mutual reachability distance instead of the Euclidean distance in the
traditional algorithm to represent the objects in the data set for the problem of poor effect caused by uneven density distribution. In order
to establish the connection between the object and the object, while retaining the distance characteristics between the objects, the Prim al-
gorithm is used to construct a minimum generation of all objects in the data set tree. Secondly,pruning the obtained minimum spanning
tree according to the specified number of clusters and the minimum number of cluster objects. According to the pruning result, cluster the
pruned parts. Experiments on the public UCI data set show that compared with the existing DBSCAN, OPTICS, KANN - DBSCAN
algorithm , the proposed MST-DBSCAN algorithm has better clustering performance on data sets with uneven density distribution and
higher clustering accuracy than the traditional algorithm.
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