5545 B4 10 4 S I Vol.45 No.10
2024 410 A Journal on Communications October 2024

BT B S TR W45 B8 22 S 4 BX P 23015 70 B SR

A, FEE, ML, TEA, BAR, R, KE
(ERE T RS HET TSR, K 400054)

O HXDEEEYBN (UD-10T) HHAAFE K i BB £ o T 0 7™ S RE A BE U J i) @, 4R 1 — PR T’
FEH 22 00 2% P % FEE T8 1 P B2 1 5 B P K I 0 8 TG SR o e 4 R A ) sl i S PRI AR, SR A K A R e
VR SR 0 o 5 PR 1 e Al g o R PRI R, 9 T T e R B 8 4 G 1 AL A g PRI T B I, e 17—
T 3 T PRI AP 22 ) 4% PR S PR T A B 2 0 2 SRk M B R A O Bk, SR IS AR A 2 ) S TIG b R B U
DRI E R E R . TSR, Prie sk BoA e i SR R A SR it &, ] DAAE 2 SRR )
PR LT R TERE .

KRR TRV SR, R BB RIRh AL

hE 5SS TN929.5

XEFRERD: A

DOI:10.11959/j.issn.1000—436x.2024178

Resource allocation strategy for ultra-dense Internet of things
based on graph convolutional neural network

HUANG Jie, LI Xingxing, YANG Fan, DING Ruijie, CAI Jieliang, YAO Fenghang, ZHANG Xin
School of Electrical and Electronic Engineering, Chongging University of Technology, Chongqing 400054, China

Abstract: To address the significant issue of hidden terminal interference that severely impacted resource management in
ultra-dense Internet of things (UD-IoT) environments, a deep deterministic gradient-based conflict-free resource alloca-
tion strategy using graph convolution neural network was proposed. The conflict graph model was constructed by em-
ploying matrix transformations to represent potential hidden terminal interference among devices. Then, using the con-
cepts of maximal cliques and hypergraph theory, the conflict graph model was transformed into a conflict hypergraph
model. This transformation allowed the conflict-free resource allocation problem to be formulated as a hypergraph vertex
coloring problem. A deep deterministic gradient-based conflict-free resource allocation algorithm, leveraging graph con-
volutional neural network reinforcement learning, was developed to achieve conflict-free resource allocation and maxi-
mize resource reuse. Simulation results demonstrated that the proposed algorithm achieved higher resource reuse rates
and throughput compared to existing methods, providing superior performance in ultra-dense IoT.
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