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[Abstract] The large number of parameters in deep learning models for driver distraction detection makes it difficult to
deploy them on embedded devices. To address this issue, this paper proposes a lightweight distracted driving detection
algorithm, YOLOv8n—SGC, based on YOLOv8n. First, a lightweight backbone network, ShuffleNetV2, is constructed, and
Ghost convolution is introduced to reduce the number of model parameters and computational cost, achieving model
lightweighting. Second, a Convolution and Attention Fusion Module (CAFM) is added after the backbone network to fuse global
and local features and improve the algorithm’s detection accuracy. The results show that the improved algorithm model has a
reduction in parameters and computational cost compared to the benchmark model, a 28.67% reduction in volume, a 41.79%
reduction in inference time, and an mAP increase of 1.1 percentage points.
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