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Urban intelligent traffic control method
based on asynchronous deep reinforcement learning
XU Enzhu , ZHU Hailong , LIU Jingyu, SHI Yegiong , YIN Qitian
('School of Computer Science and Information Engineering, Harbin Normal University Harbin, China)
[ Abstract] The control effect in the field of urban intelligent traffic signal control is not satisfied enough, and the algorithm
converges slowly. This paper proposes an urban intelligent traffic control algorithm based on the deep superior entrant-reviewer
algorithm for deep reinforcement learning. Firstly, the characteristics of the traffic intersection are abstracted and input into the
intelligent body composed of the neural network. Through the asynchronous learning of multiple intelligent bodies, the problem that
the traditional method control effect is not ideal and the training takes too long is solved. By simulating on the open source traffic
simulation software sumo, comparing the traffic time signal lights controlled by fixed time and traditional methods, the traffic
efficiency of traffic intersections under different traffic flow conditions has been improved. The experiment proves that the method

proposed in this paper can effectively solve the problem of traffic light control at urban traffic intersections.
[ Key words] intelligent transportation; deep learning; asynchronous reinforcement learning
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Fig. 1 Asynchronous advantage actor—commentator algorithm principle
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Fig. 3 Schematic diagram of traffic intersection lights
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Fig. 4 Direction of turning in traffic intersections
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