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B, DS X G55 U, I Hd x4
JI AT, S T B e AT DL B R, A
M FRARAEE
3.2 XEIuiEse
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Abstract
Reinforcement learning ( RL) has become a promising solution in signal control because of its ability to solve
complex decision-making problems in a highly dynamic environment. Most methods based on reinforcement learning
generate agent actions independently, which may lead to action conflicts at intersections and waste of road resources.
Therefore, a multi intersection signal control method based on graph convolution network-long short-term memory
(GCN-LSTM) is proposed. Firstly, multi intersections are mapped based on binary weight network. Secondly, long
short-term memory (LSTM) obtains the historical state information of intersections by aggregating the spatial state in-
formation of surrounding intersections through graph convolution network. Finally, the Q value network based on the
competitive network framework is used to select actions to control the intersection phase. The experimental results
show that compared with some reinforcement learning methods, the queue length at intersections and the waiting time
of vehicles in the road network can be reduced in the signal light control at multiple intersections.
Key words: intelligent transportation system, traffic light control, multi-agent reinforcement learning, long

short-term memory, graph convolution network
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