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Rodrigues, Royston, et al. "Multi-timescale trajectory prediction for abnormal human activity detection." Proceedings of the IEEE/CVF winter conference on applications of
computer vision. 2020.
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Hasan, Mahmudul, et al. "Learning temporal regularity in video sequences."

Proceedings of the IEEE conference on computer vision and pattern recognition.

2016.
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Liu, Wen, et al. "Future frame prediction for anomaly detection—a new

baseline." Proceedings of the IEEE conference on computer vision and pattern
recognition. 2018.
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Year Method Publisher
FFP mOurs(G) mOurs (G+D) AUC  EER  AUC EER AUC EER
58.20% 2018 FEP [10] 95.4% 11.7% 85.1% 21.4% 72.8% 33.1% CVPR
97.5% Wang et al. [38] 96.4%  89%  853%  23.9% - - MM
. eliler MemAE [6] 04.1% - 83.3% - 71.2% - ccv
2019 AMC [8] 96.2% - 86.9% - - - ICCV
91.20% AnoPCN [11] 96.8% - 86.2% - 73.6% - MM
a0 AnomalyNet [39] 94.9% 10.3% 86.1% 22.0% - - IEEE Transactions
DSTN [40] 95.5%  94%  87.9%  20.2% - - IEEE Access
) GE, Siamese [41] 94.0%  14,1% - - - - WACV
8 GMM-FCN [42] 922%  12.6%  834%  22.7% - - CVIU
2020 Tang et al. [43] 96.3% 10.0% 85.1% - 73.0% - Pattern Recognition Letters
FFP+MS_SSIM+FCN [44]  95.9% 11.1% 859%  204% 73.5%  32.5% ICCC
Dual D-b GAN [45] 95.6% - 84.9% - 73.7%  32.2% IEEE Access
76.50% MNAD-P [5] 97.0% - 88.5% - 70.5 - CVPR
26.9% TransAnomaly [12] 96.4% - 87.0% - - - 1IEEE Access
— - BR-GAN [21] 97.6% 1.6%  88.6% 19.0% 74.5% 31.6% IEEE Access
: 2021 Multi-scale U-Net [46] 95.7% 12.0%  86.9% 202%  73.0%  323% IEEE Access
HMCF [47] 93.7% 18.8%  832%  20.0% - - MobileHCI
HF2-VAD [17] 99.3% - 91.1% - 76.2% - Iccv
Zhong et al. [9] 97.7% - 88.9% - 70.7% - Pattern Recognition
2022 DLAN-AC [16] 97.6% - 89.9% - 74.7% - ECCV
DR-STN [48] 97.6% 6.9% 90.8% 11.0% - - Pattern Recognition Letters
Scene-Aware [49] - - 89.6% 21.1% 74.7% 28.6% MM
. MsMp-net [50] 97.6% 6.6% 89.0% 18.1% - - IEEE Access
UCSD Ped2 CUHK Avenue Shanghai Tech. 2023 Bi-READ [51] 97.7%  19%  867%  19.5% - - VCIR
USTN-DSC [52] 98.1% - 89.9% - 73.8% - CVPR
. . . . as SwinA ly [53 98.2% - 84.8% - 76.3% - IEEE Acces:
FIGURE 8. AUC comparison with baseline [10]. Abbreviations: FFP: future winAnomaly 53] 27 ‘ - ceess
Py . . ] Ours (w/o Destroyer) 97.5%  7.0%  882% 19.1% 743% 31.4%
frame prediction, G: F2LM generator, D: Destroyer. Proposed (' 0525 59w o13w  155% Tekwm  a00%
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Hong, S., Ahn, S., Jo, Y., & Park, S. (2024). Making Anomalies More Anomalous: Video Anomaly
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