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Topological Structure Based Density Peak Algorithm for Overlapping Community Detection
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Abstract With the continuous development of modern network science, people’s lives have been greatly facilitated. The
study on complex networks is an important driving force for the development of modern network science,and the com-
munity is an important structure for research on complex networks. Most of the existing community discovery methods
are highly complex,so this paper applied the density peak clustering algorithm proposed in recent years to community
discovery,and proposed an efficient community discovery algorithm. Due to the particularity of the data structure of
complex network,the complex network data are stored in the form of topological graphorad jacency matrix, and thus
how to effectively calculate the distance between nodes and the local density of each node,and how to select the core
nodes of the community are the key problems when density peak clustering algorithm is applied to community discovery.
In light of this, this paper calculated the local density of each node by the degree of each node and its neighbor nodes in
the network topological graph, measured the distance between nodes by the similarity between nodes,and discretized the
distance to expediently select the core nodes for this algorithm. Moreover, the core hop values were defined to accurately
select community centers,thus avoiding the large communities annex small communities. Experiments were carried out
on the LFR artificial network dataset and the real network dataset with the evaluation indexes of the extended modulari-
ty,the adjusted rand coefficient and the normalized mutual information. Experimental results in real networks show that
the proposed algorithm has good effects and obvious advantages in some real networks compared with other algorithms.
In the artificial network, the algorithm also has advantages. Therefore, the proposed algorithm is more stable than other
algorithms.
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3.1 BREZEEMR/MNEBENITE
TE 2 S b, A T 5 A A A T UM R B H
ELA B e i AN T ] S AR TE — AR K AN T A
AR, R U w] DA B A« A0 SR P A Y TR AR AR 3 S A

9 ELHE AT T R 3 AT i EL AT R A TR AR R AR e A A A
P RIS AT R (A PR BT 7E R4 L 2R — A9 A

FAER L AR I LA B2 00715 /35 R R L U AT LA 2
AR 22 WS A O AR AR T S B AT AR 2 W AT AT B
4 Jr 4 R . PRI, TSDP 880 326 5 19 A 9 L 42 40 i A 4> %L

BV 204 T4 A R R R Y TR SR PR B AT S L Y
¥4 1S 3 Al A ) i 3 B ] 42 48 i X 244 T 7Y R A

WPERI RS, T Y R R A BT AN

o=kt Zk )
Hrpoo RRWAE i WRIBERE b £ TR WE . £
5 R B T ) SR R B A Y R Y AR R T AR AL
MEE) b RARTEj WE,

2 45t T AR R S5 A i A X, AR R = (0 4 0T A
2 7R A X i R A s i R B B A 2 #E X
R SRR N 32+ 2+2=9, K 2(b) A X R
O E AR EE R 1+8=9, AT LB N WA B O EEA
AR R R 3R B . (HIE 2(b)#E K Hr B a7 i B — A48 8
W RLOR BN RO T XA SBRE T RN BEB K, PR B 6815 6
AT BRI R 2 B

(a) (b

2 PSR IX

Fig. 2 Two communities with different structures
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