MEQEHHEES=2X| Vol. 10, No. 4, pp. 1-8, 2024 https://doi.org/10.20465/KI0TS.2024.10.4.001

MQTT 218t loT HEINN S7 =S flet HIE

22| HX HE WA

Cost-aware Optimal Transmission Scheme for Shared Subscription
in MQTT-based IoT Networks

. 1 .1 .1 .1 2%
Seonbin Lee’, Younghoon Kim’, Youngeun Kim', Jaeyoon Choi, Yeunwoong Kyung
1Student, Division of Information & Communication Engineering, Kongju National University
*Professor, Division of Information & Communication Engineering, Kongju National University

Q % 7]go] @AT wet Internet of Things(oT)7]& E3H wWl=2A WPdstal Qt}. [oT 7]&ol= Message
Queuing Telemetry TransportMQTT)E Z&3 thFgt T2 EFo| AEEI ok, MQTTE AH HWAIA Z2E
2 AlRE dIE5 A8 7 AT BE&HORE HolEE AET & 31o] [oT £oplA de-facto HE &
EZE 18I ot & =80 MQTT 5.09] 716 75004 #IA1A] A5 wHaS /RAst walS Ajtstal
A gtk FRFEONA AR AE A F HEHoE AgEE e 2y WAL Client?] @4 AHE 12614
F=the @80l it olEe HEE Bolr] Yol 2 =EolAE dA AEHE 1Hcte] HH9 AL A& AXot
= 9S Aotstt}. o]uf Markov decision processMDP)E 7]¥to.& R H-S 43511, Q-LearningS ©]-&5}9]
A9 HE A AGstAct. AlEG el AFE Bl ATt HHAlF 7)o AMSEE HAEE Hwsto] theket
THoIA 5 BAS 2P ARKSE ®Falo] 7|& HHAlEHTY T £2 Z52 Hole AL gRlsty, FF A9 W
A& AATHEA & =8 vtFEstaat s

>

ZFHO : 10T, MQTT, QL(Q-Learning), & 7%, tt23x A4 7174

Abstract As technology advances, Internet of Things (IoT) technology is rapidly evolving as well. Various
protocols, including Message Queuing Telemetry Transport (MQTT), are being used in IoT technology.
MQTT, a lightweight messaging protocol, is considered a de-facto standard in the IoT field due to its
efficiency in transmitting data even in environments with limited bandwidth and power. In this paper,
we propose a method to improve the message transmission method in MQTT 5.0, specifically focusing
on the shared subscription feature. The widely used round-robin method in shared subscriptions has
the drawback of not considering the current state of the clients. To address this limitation, we propose
a method to select the optimal transmission method by considering the current state. We model this
problem based on Markov decision process (MDP) and utilize Q-Learning to select the optimal
transmission method. Through simulation results, we compare our proposed method with existing
methods in various environments and conduct performance analysis. We confirm that our proposed
method outperforms existing methods in terms of performance and conclude by suggesting future
research directions.
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