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Abstract With the development of the Internet and society,a large number of interrelated and interdependent data is produced in
various fields every day. which form various complex networks according to different themes. Mining community structure of
complex networks is an important research content, which has extremely important significance in recommendation system, be-
havior prediction and information spreading. Moreover, overlapping community structure of complex networks exists universally
in life, which has practical research significance. In order to detect overlapping communities effectively in complex networks, an
overlapping community detection method OCDRD based on rough sets and density peaks is proposed in this paper,in which rough
set theory is used to analyze communities and identify overlapping nodes. Firstly,the global similarities among network nodes are
obtained by using grey correlation analysis method based on the traditional local similarity measure of network nodes. Then the
global similarities among network nodes are converted to distance among nodes. The center nodes of the community are automati-
cally selected by the network structure by applying the idea of density peaks based clustering. Next.the lower approximation,the
upper approximation,and the boundary region of the community are defined according to the distance ratio relation among nodes
in the network. Finally, the threshold value of distance ratio is adjusted iteratively,and the boundary region of the community is
calculated repeatedly in each iteration until the optimal overlapping community structure is obtained. The OCDRD algorithm is
compared with other community detection algorithms that have achieved good results in recent years both on LFR benchmark ar-
tificial network datasets and real network datasets. By analyzing two common community detection evaluation indexes, NMI and
overlapping module degree EQ, the experimental results show that OCDRD algorithm is superior to other community detection al-
gorithms in community partition structure and it is feasible and effective.
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Table 1 Information of artificial synthesis networks

name N ko kmax  minc maxe pu O/ %
LFR1 500 10 50 10 20 0.1 10
LFR2 500 10 50 10 20 0.3 10
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Table 2 Information of real networks

name N E C
Karate 34 78 2
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Test results on LFR2 datasets

Table 3 NMI test results on real network datasets
Algorithm Karate Dolphins Polbooks Football
OCDRD 1.0 0.8982 0.6310 0.8979
CDRS 0.8267 0.3684 0.4725 0.8677
DCN 1.0 0.8888 0.5979 0.3445
LDC 0.8510 0.8095 0.6523 0.8671
RFC 0.5236 0.5161 0.6411 0.8302

F 4 ASLMEBEE LK EQ K4S R

Table 4 EQ test results on real network datasets

Algorithm Karate Dolphins Polbooks Football Polblogs Netscience

OCDRD 0.3715 0.5142 0.5117 0.5811 0.2924 0.6676
CDRS 0.3434 0.3717 0.3777 0.5510 0.1400 0.1209
DCN 0.3715 0.3787 0.4456  0.3534 0.1269 0.6663
LDC 0.2469  0.3693 0.4339 0.2415 0.0780 0.4716
RFC 0.3255 0.1869 0.4257 0.5179 0.1044 0.0707
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Fig. 3 Average NMI on real network datasets
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