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Abstract: Two-person interaction recognition based on multi-stream spatio-temporal fusion was proposed.
Firstly, a method to describe two-person’s skeleton which invariable with angle of view was proposed. Then a
two-layer spatio-temporal fusion network model was designed. In the first layer, the spatial correlation features
were obtained based on one-dimensional convolutional neural network (IDCNN) and bi-directional long short
term memory(BiLSTM). In the second layer, the spatio-temporal fusion features were obtained based on LSTM.
Finally, the multi-stream spatio-temporal fusion network was used to obtain the multi-stream fusion features,
which learned one kind of feature by one stream and fusion features for all streams together at last. The weights
for each stream was shared, and every stream had the same structure. After features were fusion for all streams, it
could be used for interaction recognition. By applying this algorithm to NTU-rgbd datasets, the accuracy for two
person interaction recognition for cross-subject could reach 96.42%, and the accuracy of two person interaction
recognition for cross-view could reach 97.46%. Compared with the state of art methods in this field, this method
performed best in two person interaction recognition.
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Fig.l Two person action skeletons
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Fig.3 Multi-stream spatio-temporal fusion network
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Tab.l1 Accuracy for human action recognition for

NTU-RGBD dataset

Method Cross-subject Cross view
HBRNNM 59.1% 64.0%
Part-aware LSTM"! 62.9% 70.3%
VA LSTM" 79.4% 87.6%
Trust Gate ST-LSTM"! 69.2% 77.7%
AGC-LSTM™ 95.0% 89.2%
ST-GCN™ 81.5% 88.3%
Single stream (SST) 85.61% 92.42%
Our method (MST) 96.42% 97.46%
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Tab.2 Human action recognition accuracy for SBU

dataset
Method Accuracy
Co-occurrence RNN!! 90.4%
STA-LSTM" 91.5%
Trust Gate ST-LSTM!"! 93.3%
VA-LSTM" 97.6%
Our method(weighted multi-stream) 98.92%
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Tab.3 Comparison of the network structure

Net structural Parameter Convergence Accuracy

Multi-stream spatio-

0,
temporal model N 100epochs 96.42%
Single-stream spatio- N 100epochs 85.61%
temporal model
Single-stream spatio- 3N 200epochs 86.74%
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