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Anomaly detection from images in pipes using GAN
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In recent years, the number of pipes that have exceeded their service life is increasing. Therefore,
earthworm-type robots have been developed to perform regularly inspections of sewage pipes. However, inspection
methods have not yet been established. This paper proposes a method for anomaly detection from images in pipes
using Generative Adversarial Network (GAN). A model that combines f-AnoGAN and Lightweight GAN is used to
detect anomalies by taking the difference between input images and generated images. Subtraction images is used to
estimate the location of anomalies. Experiments were conducted using actual images of cast iron pipes to confirm the

effectiveness of the proposed method.
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Fig.1 Earthworm Robot [2]
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Fig.2 Outline of proposed method
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Fig.3 Proposed model
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Fig.4 Image example (normal cast iron pipe)

Fig.5 Image example (normal new cast iron pipe)

Fig.6 Image example (anomaly cast iron pipe)
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Input image Generated image Subtraction image

Fig.7 Experimental results (normal cast iron pipe)

Input image Generated image Subtraction image

Fig.8 Experimental results (normal new cast iron pipe)
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Fig.9 Experimental results (anomaly cast iron pipe)
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Fig.10 Histogram of anomaly score
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