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Tong Guang, Zhao Bo, Sui Tingting, Liu Shuxin
(Shanghai Dianji University, Shanghai 201306)

[ Abstract] With regard to the driving environment and safety of sanitation vehicle drivers, this paper proposes a driver
fatigue detection method based on an enhanced YOLOv8n algorithm. Specifically, FasterNet is employed to replace the
backbone network of the YOLOv8 object detection algorithm, resulting in the design of a lightweight FasterNet—YOLO network
model. To preserve critical feature information from the input feature map, Squeeze—and—Excitation (SE) modules are integrated
into the backbone network, while Convolutional Block Attention Modules (CBAM) are added to the neck network. Additionally,
the Zero—DCE++ algorithm is introduced to enhance the brightness of video streams captured by cameras, addressing the issue
of insufficient brightness in the driver’ s face that hinders accurate detection. Experimental results demonstrate that the
proposed method achieves an average precision of 98% (mAP@0.5) at an intersection over union ratio of 0.5, with an average
inference time per frame reduced to 6.95 ms. This approach can effectively monitor the driver’s fatigue state in real—time under
varying lighting conditions.
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