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Local density-based similarity matrix
construction for spectral clustering

WU Jian', CUI Zhi-ming’, SHI Yu-jie', SHENG Sheng-1i?>, GONG Sheng-rong*

(1. The Institute of I ntelligent I nformation Processin lication, Soochow U niversity, Suzhou 215006, China;
2. Department of Computer Science, University of Central Arkansas, Conway 72035-0001, USA)

Abstract: According to local and global consistency characterist points’ distribution, a spectral cluster-
ing algorithm using local density-based similarity matrix construction was proposed. Firstly, by analyzing distribution
characteristics of sample data points, the definition of local density was given, sorting operation on sample point set from
dense to sparse according to sample points’ local density was did, and undirected graph in accordance with the designed
connection strategy was constructed; then, on the basis of GN agorithm'’s thinking, a calculation method of weight matrix
using edge betweenness was given, and similarity matrix of spectral clustering via data conversion was got; lastly, the
class number by appearing position of the first eigengap maximum was determined, and the classification of sample point
set in eigenvector space by means of classica cluster g method was redlized. By means of artificial simulative data set
and UCI data set to carry out the experimental tests, show that the proposed spectral algorithm has better cluster-
ing capability.
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