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Abstract

With the continuous acceleration of urbanization construction, the number of vehicles continues
to increase, the road load gradually increases, and the problem of urban traffic congestion is be-
coming increasingly serious. Currently, most control methods are still limited to isolated intersec-
tions, and there is still significant room for optimization of the overall road network congestion
level. Therefore, this paper takes the traffic light control as the research object, and based on the
Deep reinforcement learning algorithm, carries out relevant research on the multi-agent based
traffic light cooperative control problem. Firstly, the problem of signal light collaborative control
is abstracted as a Markov decision process. Based on the Python development platform, an intel-
ligent learning and interaction environment is built, and the DQN algorithm for large-scale inter-
section signal light decision-making is designed and debugged. The results show that the algo-
rithm has trained effective red and green light control strategies, and fairness strategies can be
learned at each intersection, which can improve the overall traffic efficiency of the road network.
Finally, through comparative experiments with traditional signal fixed timing schemes, the algo-
rithm was verified to have good optimization performance. Compare and analyze the training re-
sults by adjusting the hyperparameters of the algorithm, study the impact of different hyperpa-
rameters on network training, and the importance of hyperparameters for project research.
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Figure 1. 2*2 scale intersection traffic system structure
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Table 1. Traffic parameters for the experimental road network configuration
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Table 2. Parameter settings for car-following models
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Figure 2. Logical flowchart of algorithm design
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Table 3. Pseudocode design of DQN algorithm for decision-making of large-scale intersection traffic lights
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Figure 3. Structural design of deep neural networks
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Table 4. Parameter settings for the DQN algorithm
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Figure 4. Line chart of the average queuing length of vehicles in the overall road network
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Figure 5. Line chart of average delay time for vehicles in the overall road network
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Table 5. Fixed timing plan for static traffic signals
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Table 6. Comparative analysis of evaluation indicators for two schemes
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Figure 7. Comparative analysis chart of cumulative Reward under different iteration rounds
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Figure 8. Comparative analysis chart of average queuing length and average delay time of vehicles under different learning
rates and discount factors
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