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Spatio—-temporal transformer network for group activity recognition

ZHANG Tianyu, XU Fei, JIANG Chaohui
(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] The relationship information between individuals is a key problem in group activity recognition. In order to obtain richer
relational information, a spatio—temporal transformer network is proposed in this paper. The spatial transformer module processes all
individuals in the cluster simultaneously, including their appearance features and location features, to extract information on the
spatial relationships between individuals. Then the temporal transformer module is used for temporal sequence modeling. In order to
obtain richer and effective relationship information, a global spatial attention map is proposed to enhance the model’ s spatial
relational reasoning ability, and a temporal mask is used to optimize the temporal transformer module. We verify our model on
Volleyball and Collective Activity datasets, and the experimental results show that the proposed method achieves advanced
performance.
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Fig. 1 Structure of Spatio—Temporal Transformer Network
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Fig. 2 Principle of Spatio—Transformer Network
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Tab. 1 Ablation results on Volleyball dataset

TR 2R Accuracy (H1V ;%)
B1 :Baseline 89.15
B2 Baseline+ST 90.02
B3 :Baseline+ST+TT 91.40
B4 :Baseline+ST_Enhance+TT 92.30
B5; Baseline+ST_Enhance+TT_Enhance 92.52
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Tab. 2 Accuracies of different methods on Volleyball dataset
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Tab. 3  Accuracies of different methods on Collective Activity
dataset
Method Accuracy( %)
HDTM!! 81.50
CERN'® 87.20
stagNet?] 89.10
ARG 91.00
Ours 91.24
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Fig. 3 Spatial attention visualization
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