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Non-local Attention Based Generative Adversarial Network for Video Abnormal Event Detection

SUN Qi,JI Gen-lin and ZHANG Jie

School of Computer and Electronic Information/School of Artificial Intelligence.Nanjing Normal University, Nanjing.210023,China
Abstract As the uncertainty of abnormal events, the method of future frame prediction is chosen to detect abnormal events in
video. The prediction model is trained with normal samples,so that the model can accurately predict the future frames without ab-
normal events. However, it cannot predict video frames with unknown events. Combining with apparent constraints and motion
constraints,generative adversarial network is used to train the generator model for prediction. In order to reduce the loss of rela-
tive target features.a nonlocal attention Unet generator (NA-UnetG) model is proposed to improve the prediction accuracy of
generator and the accuracy of abnormal video event detection. Experiments on datasets CUHK Avenue and UCSD Ped2 validate
the effectiveness of the proposed method. The results show that the AUC of the proposed method is better than that of other
methods, reaches 83. 4% and 96. 3% ,respectively.

Keywords Video anomaly event detection, Generative adversarial network, Video prediction, Non-local attention mechanism,
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Table 1 AUC for detection model with/without attention
mechanisms in Ped2 and Avenue datasets
(AL )
UCSD Ped2 CUHK Avenue
AUC AUC
Without non-local attention mechanisms 95.0 83.0
With non-local attention mechanisms 96.3 83.4
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Table 2 Comparison of the proposed method with other anomaly

detection methods
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Methods UCSD Ped2 AUC CUHK Avenue AUC
MPPCAL™ 69.3 —
SpL 55.6 -
SF-+MPPCA 61.3 —
MDT! ! 82.9 -
ConvAE!N?] 85.0 80.0
CoveLSTM-AE- ! 88.1 77.0
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MemAE2 94.1 83.3
FFpL2! 95.0 83.0
Our Method 96.3 83.4
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