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Detecting Distraction of Drivers Using Human Pose Keypoints

XIA Han-sheng,SHEN Huan,HU Wei
(School of Energy and Power Engineering,Nanjing University of Aeronautics and Astronautics,
Nanjing 210016, China)

Abstract; Detecting distraction of drivers is one of the main causes of traffic accidents. Using in—vehicle equipment to identify whether
the driver has distracted behavior is an urgent problem to be solved. The key to identify whether the driver has distracted behavior is to
correctly understand the driver’ s posture. For this, we propose a method to help the convolutional neural network identify whether the
driver is distracted by driving by human keypoints. By adding the position information of human keypoints, the convolutional neural
network can effectively focus on the driver’ s attitude and reduce the interference of background information. The Alpha Pose system is
used to obtain the coordinates of 9 keypoints of the driver’ s upper body ,and Gauss formula is used to generate the heat map with each
keypoint as the center. The heat map contains the response of the keypoints. The closer to the keypoints, the higher the response value.
On the basis of VGG16 and ResNet50,8 structures are discussed ,and 9 heat maps and different characteristic graphs are respectively fused
as the input of the next convolution. The experiment shows that the proposed method has an accuracy rate of 94.934% in the State Farm
Dataset, which is better than other methods.
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