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Research on a Dynamic Warning Model for Autonomous Driving

Integrating Driver State and Environmental Perception
Zhu Naixuan'?, Luo Junjie', Gao Zhenhai’, Yang Yi’, Zheng Zhu’ an'
(1. Yancheng Institute of Technology, Yancheng 224051; 2. State Key Laboratory of Automotive Chassis Integration and
Bionics, Jilin University, Changchun 130012)

[Abstract] To address the limitation that conventional collision warning systems in human—machine co—driving
scenarios mainly rely on external environmental parameters and cannot adequately account for prolonged driver reaction
time caused by fatigue or distraction, a Dual-Stream Joint Perception Network (DSCP-Net) is proposed. In the external
perception branch, Dynamic Snake Convolution (DSC) and Inner-IoU loss are introduced to improve target feature
extraction and bounding—box localization. In the in—cabin branch, a lightweight Behavioral Cognitive Module (BCM) is
developed to quantify driver states based on facial features. At the decision—-making level, driver—state and environmental—
perception information are fused to adaptively adjust the Time—to—Collision (TTC) threshold. Experimental results show that
the BCM achieves a driver—state recognition accuracy of 97.6%. Under a severe—fatigue emergency—braking condition at
100 km/h, the TTC threshold is adaptively increased from 3.0 s to 4.5 s, providing an additional safety buffer of 41.7 m.

The results demonstrate that the proposed method improves active safety warning performance in human—-machine co—

driving scenarios.
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