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A Graph Analysis Method for Abnormal Crowd State Detection
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Abstract
non-parametric clustering in velocity space via an adaptive mean shift algorithm, we get the clustering results containing

An abnormity detection method for a dynamic crowd scene is proposed based on graph analysis. After the

some cluster centers and Euclidean distances between them, and they can form a graph whose vertexes are the cluster
centers and edge weights are the distances. Through analyzing the vertexes’ distribution in feature space and the state
transform of a dynamic system made by the sequence of the edge weight matrix, we can detect and locate the abnormal
events in the scenario. To testify the method’s effectiveness, we conducted experiments on several well-known datasets
and obtained good performance in both abnormal events detection and location. The results show that the graph analysis
method has strong adaptability and can efficiently detect the abnormal states in dynamic crowd scene.
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Fig.7 State changing in a dynamic scene
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Table 2 The detection errors with

different parameters (%)

A
o
0.55 0.75 1.00
0.001 16.22 13.51 18.92
0.005 10.81 8.11 13.81
0.050 18.92 16.22 21.63
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