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Layer | Amount | method Bottle Capusle | Metalnut Grid Haelnut Tile Average
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7 4.1 PaDiM OE &R (img_roc, pix_roc)

image/pixcel | bottle cable capsule carpet grid hazelnut  leather metal nut
T
All 0.990/0.960 0.883/0.934 0.795/0.953  0.827/0.923 0.836/0.908 0.953/0.983 1.000/0.980 0.813/0.919
Random550 | 0.990/0.960 0.887/0.933  0.798/0.952 0.814/0.917  0.813/0.887 0.956/0.982 1.000/0.978 0.813/0.916
Layer 2,3 [0.991/0.971 0.816/0.930 0.815/0.966 0.825/0.951 0.825/0.926 0.956/0.985 1.000/0.992 0.765/0.931
REFIE
All 1.000/0.974 0.806/0.929  0.881/0.966 0.815/0.899 | 0.826/0.867 0.945/0.965 0.993/0.951 0.864/0.945
Random550| 1.000/0.973  0.802/0.927 0.874/0.963 0.811/0.894 0.717/0.847 0.941/0.962 1.000/0.886 0.873/0.941
Layer 2,3 0.998/0.984 0.827/0.932 0.864/0.970 0.961/0.941 0.782/0.919 0.937/0.971 0.999/0.994 0.851/0.949
image/pixcel pill screw tile toothbrush transistor ~ wood zipper average
R |
All 0.701/0.743  0.645/0.975 0.930/0.829 = 1.000/0.964 0.941/0.969 0.963/0.799 0.911/0.960 | 0.879/0.920
Random550 | 0.706/0.740  0.609/0.968 0.916/0.833 = 0.994/0.961  0.943/0.969 0.963/0.798 0.902/0.952 | 0.873/0.916
Layer 2,3 0.679/0.804 0.594/0.971 0.935/0.797 @ 1.000/0.971 0.932/0.954 0.957/0.847 0.905/0.977 | 0.866/0.932
RRFiE
All 0.717/0.875 0.665/0.976 0.877/0.837 1.000/0.901  0.968/0.979 0.952/0.835 0.936/0.968 | 0.883/0.924
Random550 | 0.717/0.869 0.622/0.969 0.868/0.831  1.000/0.898 | 0.968/0.978 0.953/0.835 0.932/0.966 | 0.872/0.916
Layer 2,3 0.728/0.882 0.621/0.970 0.881/0.719 = 0.994/0.939  0.950/0.951 0.970/0.876 0.949/0.971 | 0.887/0.931
4.5 BE
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PIREENEIEETOEA THESN TS I ENEL. 1 NLHEARND. TR
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ETIL 883%E 04 RA v Pk L TWD. E£7- Layer2 & 3 TOMHERTIE, 2.1 K
A FDOYELR>TWD., ALY, EGREMETFEOEANILY, 777 XV
THANFEE SNTETNO—EDOBINFE DM R IE L Wt 5. — 5T,
FREAC T D &, BETHEIVECRTEOFNEEL LR 07 3) bR s 5.
ZHUE, MVTec 7—# & v b3, B0V 7 EORFT RS, MEOTNOXER E
ORI 72 &, 2R HEEOREEG TR I TRY, 17 IV BICEOHEN
B DLONBERO—>THDEEZD.
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