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Human motion recognition based on improved 3D convolution network

GAO Hailing', WANG Xiaodong'', ZHANG Lianjun', ZHAO Shenhao', JIN Jianguo
( 1.Faculty of Electrical Engineering and Computer Science, Ningbo University, Ningbo 315211, China;
2.Zhejiang DTCT Co., Ltd., Ningbo 315048, China )

Abstract: Video human motion recognition research has great potential for applications, but the modeling
quality is greatly affected by movement types, environmental differences and other factors. Most 3D convolution
methods for video human motion recognition cannot distinguish between important and non-important features
in each dimension given the needed information. To tackle this problem the GRU gating unit and spatial
attention enhancement module are used to build a spatio-temporal feature processing network, and the network is
built based on multi-level feature fusion and multi-channel attention feature selection. Based on the basic
network model ResNet3D, the network model in video human motion recognition is improved. The model
achieves 96.42% and 71.08% recognition accuracy on two public datasets UCF101 and HMDBS51, respectively,
with satisfactory recognition performance. Compared with C3D, two-stream and other generic network models,
the proposed model shows higher recognition accuracy, which indicates the effectiveness of the proposed model.
Key words: deep learning; human motion recognition; 3D convolution; attention mechanism
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