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Application of Laplacian Matrix in Clustering

LIU Ying, ZHANG Yanbang
(College of Mathematics & Information, Xianyang Normal University , Xianyang 712000, China)

Abstract: High-dimensional data is affected by redundant data and noise data, and the clustering efficiency and accuracy
are low. Based on the characteristics of eigenvalues and eigenvectors of Laplacian matrix, a new algorithm for cluster center
selection is introduced. The algorithm is suitable for high-dimensional data set. Laplacian matrix is used for data set dimen-
sion reduction before the selection of the candidate cluster center. After the dimensionality reduction of the data set, the accu-
racy of the candidate cluster center is improved, and the clustering accuracy is increased. The types of clustering data has
been enriched. Cluster analysis was carried out on ten data sets containing different numbers of samples, dimensions and

categories. The experimental results have justified the effectiveness of the new cluster center selection algorithm based on

Laplacian matrix dimension reduction.
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Fig.1 Simple undirected graph
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Fig.2 Flame data set and its decision graph
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Tab.1 Clustering information table for high-dimensional

data sets
Dermatology 366 34 6 0.81
Credit approval 653 15 2 0.85
German credit 699 20 2 0.72
Wine 178 13 3 0.94
Tonosphere 351 34 2 0.71
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