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Figure 1: DRAM qualitative examples for the MVTec datasét [The original image, the anomaly overlay, the output

anomaly map and the ground truth map are shown. Best viewed zoomed in.
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Figure 2: DRAEM qualitative examples for the MV Tec datasét [The original image, the anomaly overlay, the output
anomaly map and the ground truth map are shown.
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Figure 3: DRAEM qualitative examples for the MV Tec datasét [The original image, the anomaly overlay, the output
anomaly map and the ground truth map are shown.
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Figure 4: Qualitative comparison of DRZAEM to the recent anomaly detection method$, BBAD [ 7] and PaDim {l] on the
MVTec dataset]]. The original image (I), the anomaly overlays for all methods and the ground truth map (GT) are shown.



Figure 5. The output anomaly maps on entirely anomalous images. The input image and the output of DRAM are shown
in the rst and second row, respectively. An image lled with zeros, a uniform noise image, an anomaly-free image with
added uniform noise and a completely out-of-distribution image are shown from left to right. DRAEM correctly marks the

vast majority of pixels as anomalous.
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Figure 6: Qualitative examples for the DAGM datas#t [The original image |, the DRAM anomaly map, the anomaly map
produced by Boziet al. [3] and the ground truth map GT are shown.
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Figure 7: Qualitative examples for the DAGM datas@t [The original image (), the DRAM anomaly map, the anomaly
map produced by Boziet al. [3] and the ground truth map (GT) are shown.



