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Action recognition model based on attention mechanism and
residual network

L.uo Qin

(School of Computer Scicnee, Southwest Petroleum University, Chengdu 610599, China)

Gong Jie Luo Cong

Abstract: The breakthrough of deep learning in the field of image makes the rapid development of feature learning,
Aiming at the temporal correlation of consecutive frames in video sequences, a residual 31D convolutional network model
based on attention mechanism is proposed for human action recognition. Firstly, residual 3D convolution network is
used to learn the temporal correlation between consecutive video frames in video sequence. Then, each feature channel
learned by residual 3D convolution structurc is given dillcrent weights by using channel attention nctwork which is
cxtended to three-dimensional.  Finally, the rewcighted [catures arc input into the classilier to get the [inal

classilication. Expcriments arc carried out on UCF-101 and HMDB-51 datascts, and the accuracy is 95.8% and

69. 7%, respectively, The cxperimental results show that the proposcd modcl has high recognition accuracy in video

human action rccognition.
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