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Detection of Defects from Images in Pipes Using Deep Learning
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Fig.2 Variational AutoEncoder
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Fig.3 Residual Network
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Fig4 TImage example (Dataset A, normal data)

Fig.5 Image example (Dataset A, anomaly data)

Fig.6 Image example (Dataset B, normal data)



Fig.8 Image example (Dataset C, normal data)

Fig.9 Example image (Dataset C, anomaly data (seams are

considered anomaly))
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Fig.10 Experimental results of VAE and ResNet (Dataset A)

Table3 ~ Anomaly score (Dataset C)
Number 1 2 3 4
score 195 122 270 162
Number 5 6 7 8
score 418 173 135 238

Table 1 Anomaly score (Dataset A)
Number 1 2 3 4
score 654 269 760 796
Number 5 6 7 8
score 294 285 304 273
1 2 3 4 5 6 7 8
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Fig.11 Experimental results of VAE and ResNet (Dataset B)

Table2  Anomaly score (Dataset B)
Number 1 2 3 4
score 172 145 118 435
Number 5 6 7 8
score 364 325 179 137
1 2 3 4 5 6 7 8
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Fig.12 Experimental results of VAE and ResNet (Dataset C)
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