B 46% 55 2 W
202442 H

BT 5 B R ¥

Journal of Electronics & Information Technology

REASERHEZMNZ B RMORERNE ST EHEH 3T

HEAY £ Y mERY ¥ RY iR
D mfe R $i EME1E 62K 4 241008)

QupREIRRFZFERER BRE  150001)

7 OE. UG T 2 OB T S R 2 R IR R IR Q- 45 (MADRQN), HIf2iEmEZA
BB S A I BOR o 127 EK AT P AR S R AT R SR R, KA R S VR e A, AR AL
BRGS0 B B, ARG TE R BN HEAT S BIL A OISR, TR NI ZRid R 45 AR P (8 e
o (R bR B 2 S 80 e OB R e AR . FEIR T ACIE A7 LA (SUMO) R 07 U SER 45 R E W, BT Iy 2 RE 8 ek
RS EER R, (R AR Z RS B A T O IR I AT AT R, ZE T S R KD S T R AR
BT 2 e R IR BE AL 5 ST IS AT FE ) Tk, B A RO R AC B

KSR ACHAE TAT AR RGBT, A ST BRI AR, IRBETEIR QI 45
FESES: TN929.5 XHEkARIRED: A XEMHES: 1009-5896(2024)02-0538-08
DOIL: 10.11999/JEIT230857

Multi-Agent Deep Reinforcement Learning with Clustering and
Information Sharing for Traffic Light Cooperative Control

DU Tongchun®  WANG Bo®  CHENG Haoran®  LUO Le®  ZENG Nengmin®

@(School of Computer and Information, Anhui Normal University, Wuhu 241008, China)
®(College of Economics and Management, Harbin Engineering University, Harbin 150001, China)
Abstract: In order to improve the joint control effect of multi-crossing, Multi-Agent Deep Recurrent Q-Network
(MADRQN) for real-time control of multi-intersection traffic signals is proposed in this paper. Firstly, the
traffic light control is modeled as a Markov decision process, wherein one controller at each crossing is
considered as an agent. Secondly, agents are clustered according to their position and observation. Then,
information sharing and centralized training are conducted within each cluster. Also the value function network
parameters of agents with the highest critic value are shared with other agent at the end of every training
process. The simulated experimental results under Simulation of Urban MObility (SUMO) show that the
proposed method can reduce the amount of communication data, make information sharing of agents and
centralized training more feasible and efficient. The average delay of vehicles is reduced obviously compared
with the state-of-the-art traffic light control methods based on multi-agent deep reinforcement learning. The
proposed method can effectively alleviate traffic congestion.
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