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Video Anomaly Detection Method Based on Dual Discriminators and Pseudo Video Generation

GUO Fangyuan and JI Genlin

School of Computer and Electronic Information/School of Artificial Intelligence,Nanjing Normal University, Nanjing 210023 ,China
Abstract In unsupervised video anomaly detection tasks,deep autoencoders are typically trained on datasets containing only nor-
mal events and use reconstruction(prediction) error to identify anomalous frames. However, this assumption does not always true
in practice because sometimes autoencoders can reconstruct(predict) anomalous events well, leading to false alarms. To address
this issue,this paper proposes a video anomaly detection method based on dual discriminators and pseudo video generation, which
enhances the generation model’s prediction capability of normal frames and suppresses its prediction capability of pseudo video
frames through adversarial training between the discriminator and the generator. Moreover. the introduction of coordinated atten-
tion in the generation model further improves its detection performance. Additionally,by predicting intermediate frames instead of
future frames in previous methods,the model can learn forward and backward motion information, which further enhances its de-
tection performance. Experimental results on the publicly available datasets UCSD Ped2 and CUHK Avenue demonstrate that the
proposed method achieves AUC values of 98. 6% and 85. 9% , respectively,outperforming other video anomaly detection methods
significantly.

Keywords Video anomaly detection,Deep learning, Generative adversarial network, Pseudo-video, Prediction
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Fig.5 ROC curves on Ped2 and Avenue datasets
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Table 2 Comparison of the proposed method with other video

anomaly detection methods

Year Method Ped2 AUC/% Avenue AUC/ %
2018 Liu % 05) 95.4 85.1
2019 Gong %4 94.1 83.3
2019 Nawaratne %419 96. 5 84.5
2020 Dong % 8] 95.6 84.9
2020 Ji & [20] 98.1 78.3
2020 Yang %211 95.9 85.9
2021 Astrid %[22 96.5 84.9
2022 Park 24 [23] 96. 3 85.3
2023 Le %[13] 97.4 86.7
2023 Zhang %[21] 97.9 85.9
2023 AR X T 98.6 85.9
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