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Crowd Behavior Recognition Model Integrating Multi-feature and Time Series

WU Min-Zhong, WANG Lei, SHENG lJie
(School of Information Science and Technology, University of Science and Technology of China, Hefei 230031, China)

Abstract: Crowd behavior recognition has important application value in public safety and other fields. Existing studies
have considered the influence of such factors on crowd behavior as crowd emotions, crowd types, ctowd density, and
social and cultural backgrounds of crowds separately, but few models comprehensively consider these factors, which
limits model performance. This study comprehensively considers the correlation between theﬂiphysical features, social
features, emotional and personality features, and cultural background features-of the crowd and the influence of the
combination of these factors on crowd behavior. As a result, a crowd,behavior recognition model that integrates multiple
features and time series is proposed. The model uses two'parallel network layers to deal with the influence of multi-
feature correlation and time-series dependence on crowd behavior separately. Meanwhile, the network layer fuses the
structural causal model (SCM) and the causal graph network (CGN) based on the graph neural network (GNN) to improve
the interpretability of the model. The experiments on the motion and emotion dataset (MED) and the comparison with
other state-of-the-art models demonstrate that the proposed method can successfully identify crowd behavior and
outperform the state-of-the-art methods.

Key words: crowd behavior recognition; multi-feature fusion; graph neural network (GNN); structural causal model
(SCM); causal graph network (CGN); time series
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