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Abstract

Confronting with the challenge of the difficult interpretation of the abnormal properties in pre-
vious works, a novel abnormal detection method based on bilateral space windows is proposed in
our work. Firstly, after foreground construction, bilateral space windows are proposed to sample
on the boundary of monitoring area, whose features can effectively describe the interesting re-
gions. Secondly, in order to extract the attributions of speed, correlation and time delay, we design
sequential cross-correlation measurement and analyze its theoretical and practical characteristics.
Finally, we train our abnormal detection model using max margin framework, which considers
both attributions of speed, correlation and time delay and additional appearance feature using
fast Fourier transform. In the BEHAVE dataset with actual monitoring conditions, our method
outperforms state-of-the-art methods both in AP and AUC evaluation. Moreover, even without
prior, the method can automatically identify the location of the entrance and exit of the surveil-
lance scene.
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Figure 1. Anomaly detection based on time series cross correlation analysis
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Figure 2. The foreground pixel change of the bilateral space window when target entering the scene, (a) Bilateral space, (b)

The foreground of the bilateral spatial window of the scene target changes, (c) Ideally bilateral spatial window correlation
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Figure 3. Scene entry and exit position detection based on bilateral space window
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Table 1. Entrance and exit detection and correlation analysis in monitoring scene
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Table 2. Evaluation of abnormal monitoring of BEHAVE database in real monitoring scene
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Our 94.33 0.9667
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Figure 4. Anomaly detection results of BEHAVE database in real monitoring scene, the first line: transportation (car, bi-
cycle); the second line: pedestrians
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