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Abstract

With the accelerating process of urbanization, urban traffic congestion has become increasingly se-
vere, emerging as a critical bottleneck for sustainable urban development. In recent years, intelli-
gent traffic signal control technology has undergone rapid development, particularly methods
based on Multi-Agent Deep Reinforcement Learning (MADRL), which offer new avenues for allevi-
ating traffic congestion. However, existing research often overlooks the heterogeneity of driver be-
havior and faces the dual challenges of high-dimensional state spaces and inefficient agent collabo-
ration in large-scale intersection networks. To address these issues, this paper introduces a novel
Multi-Agent Deep Reinforcement Learning algorithm, the Collaborative Driving Style-aware Deep
Q-Network (CDS-DQN). The proposed algorithm features a lightweight driving style recognition
module that quantifies vehicle behavioral characteristics (e.g., aggressive, normal, and conservative)
to formulate an “effective occupancy” metric. This metric serves as a state input, enhancing the agent’s
perceptual capabilities regarding micro-level traffic dynamics. Furthermore, a neighbor state-shar-
ing mechanism is proposed, enabling each agent to access critical information from adjacent inter-
sections. This facilitates local collaborative perception and mitigates the environmental non-sta-
tionarity problem inherent in multi-agent systems. The algorithm was experimentally validated in
an urban road network environment constructed on the SUMO (Simulation of Urban Mobility) plat-
form. The results demonstrate that CDS-DQN outperforms traditional fixed-time control, independ-
ent DQN, and the state-of-the-art MA2C algorithm across key performance indicators, including av-
erage waiting time, queue length, and traffic throughput. These findings fully showcase the effec-
tiveness and advanced nature of the proposed algorithm.
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Figure 1. The collaborative framework of the CDS-DQN model
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Figure 2. Illustration of intersection phases and the action space
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Figure 3. The simulated traffic network environment
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Figure 4. Comparison of cumulative reward curves for different algorithms during the training process
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Figure 5. Performance comparison of average vehicle waiting time for different algorithms in the
multi-intersection test network
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