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ABSTRACT

Anomaly detection using self-supervised learning typically generates synthetic data to learn to classify normal and ab
normal, and uses real abnormal data as test data to measure anomaly detection performance. In a study using this meth
od to generate synthetic data similar to normal data, anomaly detection was carried out by generating synthetic data by
cutting and pasting a specific patch from the original image. In this way, the degree of similarity to normal data depen
ds on the number and size of patches, which affects anomaly detection performance. In this paper, synthetic data were
generated by varying patch sizes and numbers, and then similarity and analysis with normal data were conducted using
a pre-trained model, and anomaly detection performance was measured by learning the model.
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1. SeiaE AF 23
class case Z BCE | AUC
4*4, 1 0.32 0.28 96.6
4*4, 2 0.06 027 | 96.6
il 8*8, 1 0.29 0.35 94.6
8*8, 2 -0.12 | 1.05 88.6
16*16, 1 -0.25 | 0.41 94.3
32%32, 1 -1.60 | 3.89 | 73.7
4%4, 1 -0.07 | 0.52 86.3
4*4, 2 -0.10 0.78 74.0
file 8*8, 1 0.23 0.58 79.8
8*8, 2 -0.63 | 0.56 | 79.0
16*16, 1 -0.05 | 0.54 | 749
32%32, 1 -0.13 | 1.38 69.0
4*4, 1 -0.04 0.81 67.1
4*4, 2 -0.76 | 0.84 | 67.6
cable 8*8, 1 -042 | 0.76 | 76.3
8*8, 2 -1.25 1.05 68.0
16*16, 1 -098 | 1.05 74.7
32*%32, 1 -1.29 1.20 75.6
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