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Action recognition method based on global spatiotemporal

attention mechanism and PCA_3DNet
TIAN Qiuhong , ZHANG Yuankui » PAN Hao, LI Saiwei, SHI Zhixiang
(School of Computer Science and Technology, Zhejiang Sci-Tech
University, Hangzhou 310018, China)

Abstract: In view of the fact that the action recognition method based on three-dimensional (3D)
convolutional neural network has the problems of too many parameters and cannot capture the global
dependence of spatiotemporal features, an action recognition method based on global spatiotemporal
attention mechanism (GSTAM) and PCA_3DNet is proposed. In this method, the pseudo 3D convolution
structure is introduced to reduce network parameters, the channel attention mechanism (CAM) is
embedded in the pseudo 3D convolution structure to enhance the channel features, and the GSTAM is
adopted to capture the global dependence of feature information and strengthen the representation ability of
spatiotemporal features, so as to improve the accuracy of action recognition. The recognition accuracy of
this method on two public datasets UCF101 and HMDB51 is 93. 5% and 70. 5%, respectively, the amount
of model parameters is 13.46 Mi, and the floating point of operations is 8.73 Gi. The comprehensive

performance in accuracy, parameters and computation outperforms the existing traditional methods and
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deep learning methods.

The experimental results show that the method can obtain abundant

spatiotemporal feature information and effectively improve the performance of action recognition.

Key words: global spatiotemporal attention mechanism; PCA_3DNet; channel attention mechanism;

spatiotemporal feature; action recognition
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