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Method Part 2 Experiments and Results
Method All frames Tracked frames
ROC ROC PR
Cu C, Cu C, Cu C,
Conv-LSTM AE (J. Nogas et al.) 0.76 0.83 0.63 0.73 0.26 0.37
DSTCAE-C3D (J. Nogas et al.) 0.93 0.97 0.85 0.90 0.46 0.53
3DCAE-3DCNN (S. S. Khan et al.) 0.95 0.95 0.90 0.88 0.47 0.48
Fusion-Diff-ROI-3DCAE (Ours) — — 0.90 0.93 0.57 0.57
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