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Community Detection Method Based on Multi-layer Node Similarity

ZHANG Hu WU Yong-ke YANG Zhi-zhuo LIU Quan-ming
(School of Computer and Information Technology, Shanxi University, Taiyuan 030006, China)

Abstract Community detection is an important research content in complex network, and the agglomerative method
based on the node similarity is a typical method of community detection, Aiming at the shortages of the existing method
for calculating the node similarity, this paper proposed a novel method based on the multi-layer node similarity, which
can not only calculate the similarity between nodes more efficiently, but also solve the problem of merging nodes when
the node similarity is same, Furthermore, this paper constructed the community detection model based on the improved
calculation method of the node similarity and the measure criteria of connection tightness between groups,and conducted
the community detection experiments in real world network, Compared with the experimental results of GN algorithm,

Fast Newman algorithm and the improved label propagation algorithm, the proposed model can be more accurate to find

the members of each community.
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Fig. 4 Detection result based on the single-layer nodes community

on Karate data
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Table 1 Community detection results based on single-layer and

multi-layer nodes similarity
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