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A Study on Concrete Crack Detection Program using Deep Learning

Sosuke TERANO*, Aoi KOGA** and Hiroshi MATSUDA***

In a local government, proper maintenance and management of social infrastructure such as roads
and bridges is a very important activity to live a life. However, in recent years, the aging of concrete
structures constructed during the period of high economic growth has become a problem. Under such
circumstances, the demand for maintenance of social infrastructure is expected to increase in the future,
and it is necessary to develop more efficient methods. In the inspection of concrete structures, it is
fundamental to observe the occurrence of cracks. In this study, we aimed to develop a diagnostic
method for cracks and confirmed that it is effective for remarkable cracks in concrete structures by
transfer learning, which is one method of deep learning from digital photographs.
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