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Improvement of Community Detection Algorithm in Large Graphs
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Currently, large-scale graphs have emerged in a variety of analysis such as social networks and it is found that such

networks have community structure property. Many algorithms for detecting communities are proposed to analyze networks
and Louvain algorithm is well known for it’s high speed and high quality. Although Louvain algorithm is high speed
compared to other algorithms, higher speed algorithms are required to analyze huge scale networks. We propose a simple

pruning technique using scale-free property for Louvain algorithm. Our experiments show that our proposal is faster than

twice and almost same quality compared to Louvain algorithm.
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