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Tiny-YOLOv3 Model Algorithm is Optimized for Mask Wearing Recognition

CAOYuanjie'?, GAO Yuxiang'”, DU Xinchang'?, WANG Yafei'
(1. College of Communication Engineering, Chengdu University of Information Technology, Chengdu 610225, China;2. Meteorological

Information and Signal Processing Key Laboratory of Sichuan Education Institutes, Chengdu 610225, China)

Abstract: Aiming at the low accuracy of deep learning network ( Tiny-YOLOv3) algorithm and the instantaneity after
changing the network model, a network improvement scheme and an optimization algorithm based on BN layer pruning
are proposed. In this method, the first four pooling layers of Tiny-Yolov3 are replaced by a two-step convolutional layer
for down-sampling and feature extraction, and the latter two pooling layers and the sixth convolutional layer are changed
into a residual structure layer. Then the BN layer pruning algorithm is used to compress the network and combine the BN
layer to accelerate the network. Compared with the original Tiny-YOLOv3 network, the improved and optimized model
algorithm improves the mean accuracy rate ( mAP) of mask wearing recognition by 14% . The model volume is only
19.2 MB, which is compressed by 42% . The average number of frames per second (FPS) increased by 17% . The ex-
perimental results show that the improved and optimized model has better accuracy and real-time performance.

Keywords : deep learning ; BN merge ;mask recognition ;model pruning;convolutional neural network



