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Driver distracted behavior recognition model based on deep learning
CHENG Fupeng, ZHAO Yun

(School of information and electronic engineering, Zhejiang University of Science and Technology, Hangzhou 310023,
China)

[ Abstract] In order to solve the problem of the large number of parameters and low classification accuracy when the VGG16
network recognizes the driver’s distraction, a classification module MCAM based on multi—scale channel dependence is proposed.
The classification module MCAM includes MCM module and MSE module. The MCM module separates the convolution feature map
into four sub—feature maps, and uses different convolution kernels to extract spatial information from the four sub—feature maps in
order to improve the classification accuracy; the MSE module is an improved channel attention, in which one — dimensional
convolution is used to improve the fully connected layer in the original channel attention, which reduces a large number of parameter
problems in the fully connected layer. Embed MCAM in VGG16, and use asymmetric convolution to help reduce the amount of
parameters. The experimental results show that the use of the MCAM module on the State Farm Distracted Driver data set achieves a
recognition accuracy of 97.50% , and reduces the number of parameters of the VGG16 network.
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