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Intelligent Traffic Control Technology Based on CBAM Attention Mechanism

YU Heting,LIU Simeng, WEN Feng

( Shenyang Ligong University , Shenyang 110159, China)

Abstract: A deep reinforcement learning model is proposed based on the double deep Q network
(Double DQN) model, using the convolutional block attention module (CBAM ) to address issues

such as weak feature extraction capabilities and limited feature expression in convolutional neural

networks within intelligent transportation systems. By integrating the lightweight CBAM attention

module into the 3D convolutional neural network,the model can better capture the interdependen-

cies between features through the channel attention and spatial attention modules. This enhances the

quality of feature representation in the convolutional neural network , thereby improving the focus on

key features of congested road sections and alleviating traffic congestion. Experimental results con-

ducted on the SUMO ( simulation of urban mobility ) urban traffic simulator demonstrate that the

proposed algorithm improves the efficiency and stability of traffic signal timing compared to other

commonly used algorithms, providing a reliable basis for traffic timing optimization technology.

Key words: traffic signal control; deep reinforcement learning; deep double Q network ; convolu-

tional block attention module
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Fig.2 CBAM attention mechanism structure
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Fig.3 3D convolutional neural network structure
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Fig.5 Traffic signal control model based on CBAM attention mechanism
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