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The Distracted Driving Behavior Detection Based on Improved Yolov4-tiny

WEI Qikang, ZHU Wenzhong, JIANG Jiawen, XIE Xinhuang

(School of Computer Science and Engineering, Sichuan University of Science & Engineering,

Yibin 644000, China)

Abstract: To achieve high-precision real-time detection of common distracted driving behaviors (such as
calling, smoking, and drinking water), a distracted driving behavior detection algorithm based on improved
YOLOv4-tiny has been proposed. First of all, to solve the problem of poor detection accuracy of small targets
such as cigarettes, the output features of the last Cross Stage Partial connections (CSP) layer in the backbone
feature extraction network are convolved and upsampled. After which the feature fusion is performed with the
output features of the second CSP layer, and a prediction scale of 52x52 is added to improve the detection ability
of small targets. Secondly, the Efficient Channel Attention (ECA) attention mechanism module is added to the
feature pyramid to improve the detection accuracy of the model. Finally, the k-means clustering algorithm is used
to redetermine bounding box priors on the self-made distracted driving behavior data set, and transfer learning,
cosine annealing learning rate, and label smoothing are used for model training. The results show that the mean
average precision (mAP) of the method proposed in the present study is 98.88%, which is 2.83% higher than the
original YOLOv4-tiny algorithm, and the average precision for cigarette detection is increased by 8.46%, which
improves the detection ability of cigarettes. Therefore, the distracted driving behavior detection algorithm based
on improved YOLOv4-tiny show good comprehensive performance, which is conducive to the on-board system
to detect and remind the driver’s distracted driving behavior in real-time and has certain practical significance for
reducing the occurrence of traffic safety accidents.

Key words: distracted driving; YOLOv4-tiny; prediction scale; ECA attention mechanism



