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| Class | [11 [16] [33] [32] Ours |
Carpet | 82.1 994 842 97.0 983
o Grid 743 99.6 99.6 99.9 100
2 | Leather | 808 97.1 100 100 100
& Tile 720 955 987 99.6 100
Wood 920 957 93.0 99.1 100
Bottle 794 996 999 992 100
Cable 71.1 991 819 91.8 946
Capsule 72.1 962 884 985 975
y Hazelnut 874 985 833 100 100
8 | MetalNut | 69.4 99.5 885 987 995
< Pill 67.1 983 83.8 989 977
Screw 100 100 845 939 0972
Toothbrush | 70.0 987 100 100 100
Transistor | 80.8 98.3 909 93.1 96.1
Zipper 744 99.0 98.1 100 100

Average 78.2 98.3 91.7 98.0 98.7

Zhang, X., Li, N., Li, J., Dai, T., Jiang, Y., & Xia, S. T. (2023). Unsupervised surface anomaly detection with diffusion probabilistic model.

In Proceedings of the IEEE/CVF International Conference on Computer Vision (pp. 6782-6791).
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Figure 2: Comparison of Gaussian (up) vs Simplex (down) noises applied to a sequence of future poses.
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