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A Crowd Behavior Model based on an Improved
Social Force Anomaly Detection Algorithm

LU Li', XU Yuan-ping', LU Jun', HUANG Jian', ZHANG Chao-long', WANG Jing’
(1. College of Software Engineering, Chengdu University of Information Technology , Chengdu 610225 , China ; School of Computing & En-
gineering, University of Hudderseld, Queensgate, Huddersheld, UK)

Abstract ; Social Force anomaly detection algorithm (SAFM) is a core algorithm for detecting abnormal crowd behaviors
(e.g. ,crowd aggregations and panic escapes,etc. ). Some low-level features of the algorithm can’t fully describe the
movement states of the crowd, so the classification recognition rate is very low. Thus, an improved social force anomaly
detection algorithm (SFDE) is proposed in this research to solve this problem. This algorithm introduces the trajectories
to avoid the loss of low-level features, and it also groups trajectories into clusters by applying an unsupervised algorithm.
Finally ,a model of crowd behavior can be established through combination of trajectories and multiple crowd forces
(e. g. ,the kinetic energy of the crowd ,the entropy of motion direction and the force of cluster centers). To test the valid-
ity and effectiveness of the proposed algorithm, this paper presents how to apply SFDE together with the deep learning
model to recognize various crowd behaviors. The SFDE has been tested and evaluated by using the UMN dataset. Experi-
mental results show that the accuracy of SFDE is 18 % higher than SAFM, and the execution time is decreased by
2.2 s.
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