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Abstract In recent years,with the rapid development of modern network communication and social media technologies,complex
network has become one of the frontier hotspots of interdisciplinary research. As an important problem in the research of complex
network , community detection has important theoretical significance and application value,and has attracted increasing attention.
Many community detection algorithms and reviews have been proposed. However,most of the existing reviews on community de-
tection focus on a particular direction or field. On the basis of previous work, this paper did deep research in the community detec-
tion algorithms,and gave a review on the research progress of community detection. Firstly, this paper gave the definition of com-
munity detection and evaluation measurements for different network structure. Then, this paper introduced the classic community
detection algorithms on different network structure,including the global community detection and local community detection algo-
rithms on homogeneous networks, community detection on heterogeneous network, and community detection on link structure
combined with node content,as well as the dynamic network community detection and community evolution. Finally, this paper
briefly introduced the typical applications of community discovery in the real world,including impact maximization, link prediction
and emotion analysis application. In addition, this paper discussed the challenges in the current community discovery field. This
paper try to draw a clearer and more comprehensive outline for the community detection research field,and provide a good guide
for beginners in the community detection.
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Fig. 2 Typical community structures in networks
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Fig. 6 Local community detection framework
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