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Abnormal behavior detection based on social force model and attention mechanism
TONG Yun, YANG Xingming, FAN Loumiao

(School of Computer Science and Information Engineering, Hefei University of Technology, Hefei 230601, China)

[ Abstract] In order to solve the problem that the appearance of abnormal behavior is complex and difficult to define in real
application, this paper proposes the model of abnormal behavior detection based on social force model and attention mechanism. First
of all, we use the social force model to calculate three different forms of social forces. Secondly, the multi — channel 3D
convolutional neural network (C3D) is used to learn the features of the original video frame, optical flow, and the calculated social
force. Then the attention mechanism is introduced to enhance the significance of features. Finally, abnormal behavior is detected by
a classifier. The experimental results on the UCF Crime dataset show that the AUC value of our method reaches 79.23% , which is

better than some current advanced algorithms.
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Fig. 1 Overall framework of anomalybehavior detection
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Tab. 1 The influence of different social forces on abnormal

behavior detection
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Tab. 2 The influence of experiment result by attention mechanism
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Tab. 3 Comparison of different anomaly detection methods

Jri UCF-Crime/%
SVM Baseline 50.00
Conv-AE 50.60
Sparse 65.51
MIL 75.41
Ours 79.23
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Fig. 4 Qualitative analysis results
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