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Review of reinforcement learning and deep reinforcement learning methods in
large-scale intelligent traffic signal control

Zhai Ziyang, Hao Ruru’, Dong Shihao
(School of Information Engineering, Chang’ an University, Xi’ an 710064, China)

Abstract: At present, it is a general trend to introduce intelligent detection and control into traffic signal control system, es-
pecially reinforcement learning and deep reinforcement learning methods show great technical advantages in scalability, stabili-
ty and extensibility, and have become a research hotspot in this field. This paper studied traffic signal control tasks based on
reinforcement learning, systematically sorted out the classification and application of reinforcement learning and deep reinforce-
ment learning in the field of intelligent traffic signal control on the basis of extensive research results on traffic signal control
methods, and summarized feasible solutions to large-scale traffic signal control problems by using multi-agent cooperation. This
paper classified and summarized the factors affecting the traffic scene of large-scale traffic signal control, put forward the cur-
rent challenges and potential research directions in this field from the perspective of improving the performance of traffic signal

controllers.
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Fig. 1  Framework of intelligent traffic signal control system
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Tab.1 Comparison of reinforcement learning methods

applied to traffic signal control
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e BRI 2 1 B0 SR B T — A B — 2 RUL
AN B 43 2 S5 4, LR ke R MR A2 188 15 5 42 ] B i
SCRRL 27 R 22 i eR 507 20 A B RE AR A SR, I AR
BRI AR B A Sh A, AP 7E 2 8 B R 3R 5% Hh S B A
i

3) SRR MARL 46

TESHVEER 8l i) MARL #5 ] o BCAIR AU T 345 B
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Fig.4 General edge computing framework
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% R i AR LN ) 40 2 28 R G0 LA ST L4 2 4l o
NI E

RL SR e AR L I 45 G2 SR I T R AP
BRI L SEIUE RL W E R SR, v LSRR8 R ik
M SR EE A1 . B RE RIS QT IS &
RERS B LU AR M Q-2 ST A I PR RE' ™ o 0 520 o 22 540
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FEAERKEEM . BTLL, BR T ZEBFSE b8 5 I i A AR A 4
T 5E % o TP RS T 1 A L3858 i A R R
ML T ER . J34h, CRRI90 J 48 i T — M B T 23S
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I ZE A AR 8 1) 28 T8 {55 P A SR BESE i A 2SR AR B, g
LRSS LA TR RS (RS, LA SR S AR S de X
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KA T UL T I -

1) 32 PRS0 Bl LA 52l (A7 2 R A B

FEXPARAS SRS R A AL , T A% 18R P 8 Bl 4w i 4
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RE 8 38 10 A ] 3 4 A% 1R T A9 338 1 O, i e 45 o P 0
JITA 38

2) WFFEAELR A > J7 1 L o 2 T 48 ) i 1
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