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Human action recognition based on multi-stream 3D fusion network

RONG Wei, ZHANG Tianyu
(College of Computer and Information, Hefei University of Technology, Hefei 230601, China)

[ Abstract] Human action recognition is a significant research branch in modern computer vision. Aiming at the problem that the
current benchmark requires pre—training of large datasets and the inability to effectively use cross—time information, a deep neural
network model based on two-stream convolutional network and inflated—3D convolutional network is proposed, and the network
structure is redesigned, named multi-stream 3D fusion network. First, the improved two-stream network and inflated—3D network
are used to extract the motion features of individuals. Then, the segmented long-short—term memory network extracts the time
features, Finally, the residual connection operation fuses the features to obtain the final individual recognition results, which is
proved to achieve accurate individual activity recognition. Results on volleyball dataset demonstrate that our approach significantly

outperforms state—of—the—art techniques.
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Fig. 1 The structure of multi—stream 3D fusion network
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Fig. 2 The structure of multi—stream 3D convolutional module
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Fig. 3 The 2D—-inflated operation
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Fig. 4 The structure of segment LSTM
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Fig. 5 Three feature fusion operations
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Tab. 1 Ablation results onvolleyball dataset

STk R/ %
Two—Stream 71.2
Inflated-3D 68.8
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Ours 75.4
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Fig. 6 The loss and accuracy curves of different methods
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Tab. 2 Results of different fusion operation

YT R/ %
Direct—Connection 72.8
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Fig. 7 The accuracy curves of three fusion operations
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Tab. 3 Results on volleyball dataset
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Fig. 9 Confusion matrix with groundtruth label

( THE2R 94 1)



