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Hot Region Mining Algorithm based on Variance Optimization
Spectrum Clustering

LIANG Zhuoling' , YUAN Changan”, QIN Xiao®

(1. Guangxi University, Nanning, Guangxi, 530004 , China; 2. Guangxi Academy of Sciences,Nanning, Guangxi,530007,China;
3. Nanning Normal Universety, Nanning,Guangxi,530001,China )

Abstract: In order to improve the traffic congestion, this article uses the cluster analysis approach to mine the
mobile trajectory data and identify the hot region of residents’ travel. The traditional Ng-Jordan- Weiss
(NJW) spectral clustering algorithm often uses K-means clustering algorithm to achieve the final clustering
operation. However,K-means clustering algorithm has the disadvantages of being sensitive to the initial val-
ue and easy to fall into the local optimum,which will affect the mining results of hotspot area. Therefore,the
K-medoids clustering algorithm of variance optimization initial center is applied to the final clustering stage of
the spectral clustering algorithm,and a Hot Region Mining algorithm based on improved K-medoids Spectral
Clustering (HRM-KSC) is proposed,and then experiment on real trajectory data sets. The experiment re-
sults find that the HRM-KSC algorithm clustering results have higher silhouette coefficient, which indicates
that the HRM-KSC algorithm improves the NJW spectral clustering algorithm and the clustering quality.

Key words: K-medoids algorithm,spectral clustering,hot region,stop point,traffic congestion
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