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Research on anomaly detection has been conducted to capture anomalies in various situations in daily life. In this
study, we aim to build a more accurate anomaly detection system that can detect people and cars behaving abnormally
in the video. The background information is considered to be unnecessary for anomaly detection. Therefore, we propose
a method to multiply the difference between the generated image and the true value of the optical flow by the image
with background removal. We confirm that detection results with high accuracy are produced compared with the

conventional method.
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Fig. 1 Conventional framework [2]
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Fig. 2 Proposal framework
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(a) Original image (b) Foreground regions obtained by LSBP

Fig. 3 Background removal
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Fig. 4 Image with erosion and dilation
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Table 1 Result of AUROC for UCSDped2
Conventional method [2]
0.935

Proposed method
0.953

AUROC

Fig. 5 Example of abnormal data
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(a) Conventional method (b) Proposed method
Fig. 6 Input, output, and difference results in optical flow
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