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Review of Intelligent Traffic Signal Control Strategies Driven by Deep Reinforcement Learning
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Abstract With the rapid growth of urban populations, the number of private cars has grown exponentially, which makes over-
whelming traffic congestion problem become more and more acute. The traditional traffic signal control technology is difficult to
adapt to the complex and changeable traffic conditions,and the data-driven methods bring new research directions for the control-
based system. The combination of deep reinforcement learning and traffic control systems plays an important role in adaptive traf-
fic signal control. First,this paper reviews the latest progress in the application of intelligent traffic signal control systems. the
methods of intelligent traffic signal control are classified and discussed,and the existing works in this field are summarized. The
deep reinforcement learning method can effectively solve the problems of inaccurate state information acquisition, poor algorithm
robust and weak regional coordination control ability in intelligent traffic signal control. Then,on the basis of the above,this paper
gives an overview of the simulation platforms and experimental setup for intelligent traffic signal control,and analyzes and verifies
it through examples. Finally, The challenges and unsolved problems in this field are discussed and future research directions are
summarized.
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Table 1 Classification,advantages and disadvantages of intelligent traffic signal control methods
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Table 2 Intelligent traffic signal system model based on deep reinforcement learning
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