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Automatic Crack Detection in Infrastructure
Inspection Using Fully Convolutional Network
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Abstract: 1t is necessary to detect cracks of infrastructure caused by aging by periodic inspection and make appropri-
ate repairs, since they become a factor of serious accidents. Currently, manual visual inspection and hammering tests
are mainly used to detect cracks, but it takes time and labor cost. For that reason, automatic detection of cracks by im-
age analysis is necessary. Conventional methods of automatic crack detection have problems with detection accuracy
and computation cost. We propose a novel crack detection method using Fully Convolutional Network which shows
high performance in semantic segmentation of image. We show that the proposed method is superior to conventional

methods by evaluation experiments using dataset of crack images.
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