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Survey of Community Detection in Complex Network
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Abstract Community structure is an important potential feature that exists widely in complex networks. As a key task of net-
work analysis, mining the community structure has important theoretical and practical significance for exploring the potential
characteristics,understanding the network organization structure,and discovering the hidden rules and interaction pattern. This
paper introduces the background and significance of community detection,and summarizes and combs the methods of community
detection from two aspects: static network community detection and dynamic network community detection. Among them, the
community detection methods of static network include community detection based on division, community detection based on
hierarchical clustering,community detection based on modularity,community detection based on non-negative matrix factorization
and community detection based on deep learning. Dynamic network community detection methods include incremental clustering
community detection and evolutionary clustering community detection. This paper also introduces the commonly used evaluation
metrics of community detection. Finally,some challenges faced by community detection and the future development direction are
discussed.

Keywords Complex network,Community structure, Community detection, Dynamic network
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Fig. 6 Schematic diagram of community dynamic evolution
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VAT TG 73 5 A DA 235 0 3 o) M 75 s, 3 RSB B T
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