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Abstract

Community detection is one of the hot topics in the study of complex networks, the purpose is to
find community members with common properties. With the increasing complexity of networks,
traditional algorithms are limited in both time and accuracy. In this paper, we propose a communi-
ty density-based overlapping community detection method. In this method, we first intersect the
set of neighbors of the vertices and filter out the communities that are below the community densi-
ty threshold to determine the initial candidate communities. Next, the concept of inter-community
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similarity was used as a criterion for community merging to generate overlapping communities.
We finally compare the algorithm with existing classical algorithms on two types of synthetic net-
works and the experimental results show that the algorithm established in this paper is efficient.
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Figure 1. Variation of algorithm accuracy with threshold value for changing OCG network parameters
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Figure 2. Variation of algorithm accuracy with threshold value for changing LFR network parameters
2. % LFR MBS B EAEERRERN KT

K 2(a) 4 1 H i T, AR SLERS I RE B 2 AN . ATBUR BEE o WIS K, SVATERE T I%,
AW . E5ERMELE 0 2 0.4 W HIAVERERE, SRR B B M ISR TERE T B . XA IVHE X &
FFBT B BATKAR BRI W YA X TR AR DL, 0O e A B, & 3 B0VF 2 4k XOE ik AT IR (1
EIF, WA T SHE B o 1] 2(0) 9 T, 28 SRS L B BRME 2 i 2 fb . AT B H & T O, i 200
£ 500, KN 100, FEHE S DG H B INEETER TR, (HAXARE, BWZEE T PR &
THEBEXIRIY. K 20c) 8T, MERIEREZBRESRNENL. RINTREESEXTREO0, H12 &
6, KN 2. ATLAEHEEE O, HIMIINFIEMERE TR, X2 IR v Rl W S m AL X B H Hm, fEALIX &
I B B 3 I ST i JoVEAS B IR A (1 70 AT 3 BUS20R FEE F Fe, B PT KE 0 B0 AR A0 M0 28 2R X 1R
TERFE R HE L -

R ERSCIG T PLE I, AR MR XN R R R, AN AR, S EERORRE, R
WEFARARMI B . 0T RARRL%, FATRT A S LA DXSRBUB AT P I4E X A AR . X T/
B2, w] ARSI — 8 AR VS B N AT IS AT IE B G N B

4.22. MHEEEEE

NT B IRAEEE A R0, FATTE: CDOCD 592: /1l COPRALNISE [19]/11 CPM Sk (T T thEk .
R FEEREF W : CORPA B2 e — Pl TR 2 A4 55 1) H B 4L KRS I 50923, 7ERLF B RIZE SR )
AL PE 5 CDOCD Sy AHML, NISE J& il ik 028 77 V40 Je F 1747 s 2R ot X B 7%, LRIscH i HL A 2%
52—, CPM Sk, f&—Flid Ik R R IR A R4 4k X 45 M 92s, 2 Bk XAR I i LI i 2

DOI: 10.12677/aam.2023.126303 3026 IR Esid


https://doi.org/10.12677/aam.2023.126303

B 2%

1.0 1.0 1.0

—— CDOCD/t=0.3 —— CDOCD/t=0.1
-=- CDOCD/t=0.7 —=— CDOCD/t=0.3
PM/k=3 x . COPRA
0.8] — CPM/k=2 y 0.8 — 08 — CPM/k=3
- NISE / —e CPM/k=4
COPRA —o— NISE
—— CDOCD/t=0.3
06 =061 & CpocDA=07 _0.6
= = COPRA =
=4 =z —— Egmﬂzzz =4
- =
0.4 0.4 o M 0.4
0.2 0.2 f 0.2
PSS S
0.0 0.0 0.0 *
0.0 0.2 0.4 0.6 0.8 1.0 0 0.1 0.2 0.3 0.4 0.5 0.1 0.2 0.3 0.4
Threshold Parameter t Threshold Parameter t Threshold Parameter t

(@) (b) (©
Figure 3. Comparison of algorithm accuracy under different networks
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Table 2. Algorithm time complexity comparison
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