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Survey of community detection algorithms in complex network
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Abstract: The community detection method can mine hidden cluster structure in the network, which is of great significance
for the analysis of the structure and function of complex network. In recent years, with the explosive growth of network data
and the diversity of network evolution, a large number of methods and frameworks for community detection that can handle dif-
ferent scenarios have emerged. In order to deeply understand the research status and development trend, this paper reviewed
the community detection methods. This paper firstly classified these algorithms, introduced each kind of algorithm in detail and
made analysis and comparison, and then introduced some commonly used evaluation indicators and expounded the application

scenarios. Finally, this paper looked farward to the future research directions of this field.
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Fig.2  Disjoint and overlapping community structure
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Fig.3  Algorithm classification of community detection
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