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Action recognition method of spatio—temporal feature fusion

deep learning network
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Abstract: Action recognition from natural scene was affected by complex illumination conditions and
cluttered backgrounds. There was a growing interest in solving these problems by using 3D skeleton data.
Firstly, considering the spatio—temporal features of human actions, a spatio—temporal fusion deep learning
network for action recognition was proposed; Secondly, view angle invariant character was constructed
based on geometric features of the skeletons. Local spatial character was extracted by short—time CNN
networks. A spatio—LSTM network was used to learn the relation between joints of a skeleton frame.
Temporal LSTM was used to learn spatio —temporal relation between skeleton sequences. Lastly, NTU
RGB+D datasets were used to evaluate this network, the network proposed achieved the state—of—the—art
performance for 3D human action analysis. Experimental results show that this network has strong
robustness for view invariant sequences.
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Fig.1 Human skeleton
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Tab.1 Net framework

Net layer Name Size
1 Input layer
2 Conv 2D CNN [2,5]
3 Max—pooling [1,2]
4 Spatial LSTM 64
5 Time domain LSTM 128
6 Full connect layer 64
7 Full connect layer 10
3 Softmax layer(Sigmoid) -
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Fig.4 Confusion—matrix of 10 action
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Tab.2 Comparsion of typical algorithm

Method Cross subject Cross
accuracy view accuracy
Part—aware LSTM network® 62.93% 70.27%
ST-LSTM trust gate'”’ 69.2% 77.7%
Hierarchical RNN®! 59.1% 64%
Clips+CNN+MTLN!! 79.57% 84.83%
Lie group!'!! 50.1% 52.8%
Proposed algorithm 83.2% 85.2%
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Tab.3 Joint trajectory characteristic comparsion

Characteristic Peak deviation Range
Angle 3.12 0.2388
Distance 5.11 0.290 9
X 7.28 0.543 6
y 6.05 0.582 1
z 6.01 0.4158
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