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Group activity recognition based on temporal and spatial context features
LI Jun', CHENG Yaru', XIE Zhao', SUN Yongxuan', WU Kewei'"*, WU Jinjin'

(1 School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China; 2 Anhui
Province Key Laboratory of Industry Safety and Emergency Technology, Hefei University of Technology, Hefei 230601, China)

[ Abstract] In a group activity, individuals have complex spatial —temporal features. To encode the complex spatial — temporal
features, the paper proposes a group activity recognition model based on temporal and spatial context features. First, to analyze the
temporal context—dependency in individual features, a channel —wise temporal context module is designed, which uses a shift
strategy to learn temporal context. Three strategies are studied, including temporal delay shift, temporal bi-direction shift, and
temporal recurrent bi—direction shift, and the shift ratio in the shift strategy is also discussed. Second, a spatial graph model based
on fusing channel-level temporal context features is constructed to encode the spatial context of the individual. The initial spatial
context relation is estimated with both appearance feature and position feature. Furtherly multiple graph strategy is used to represent
multiple relations. Finally, temporal pooling is used to aggregate the individual features into group features and multiple layer
perceptron is used to predict the group activity. Experimental results in the Volleyball dataset and the Collective Activity dataset show
that the proposed method outperforms the state—of—the—art methods. The proposed temporal context features encode the individual
features well.
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Fig. 1 The group activity recognition model based on temporal and spatial context features
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Fig. 2 Channel-wise shift strategies
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Comparison with the state — of — the — art methods on

Volleyball dataset

Tab. 1

J57% Backbone  Backbone  #EAATHR MCA/ % AMAEATH MCA/ %
HDTM (2016)  AlexNet 81.9 -
SSU (2017)  Inception-v3 90.6 81.8
CERN (2017)  VGGI16 83.3 -
HRN (2018) VGG19 89.5 -
ARG (2019)  Inception—v3 925 82.8
CRM (2019) 13D 93.0 -
GAIM (2020) Inception—v3 91.9 -
AT (2020) 13D 93.0 83.7
stagNet (2020)  VGG16 89.3 82.3
VC (2021)  Inception—v3 93.3 -
ARICHHE Inception—v3 94.3 84.1
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Tab. 2 Comparison with the state — of — the — art methods on

Collective Activity dataset

J57% Backbone  Backbone  HERAT R MCA/ % AMAKATH MCA/ %

HDTM (2016)  AlexNet 81.5 -

CERN (2017) VGG16 87.2 88.3
ARG (2019)  Inception-v3 91.0 -
CRM (2019) 13D 85.8 -
GAIM (2020) Inception—v3 90.6 -
AT (2020) 13D 92.8 -
stagNet (2020)  VGG16 89.1 -

GLIL (2021)  Inception—v3 - 94.9
VC (2021) Inception—v3 95.1 -

AI)5%: Inception—v3 95.5 95.1
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