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In Japan, preservation of Japanese historical sites have been progressing. However, regarding a judgment as to whether
the preservation plan is suitable or not, some people have pointed difficulties out. Therefore, the authors attempt
quantitative approach to the problem by Al technology based on Deep Learning. In this study, to verify the possibility
of application of the technology, the authors create street image classification Al on scene of preservation districts for
groups of traditional buildings. Moreover, the authors visualize where Al looking in the image when Al classify by XAI
technology. As a result, classification Al reaches high precision and the judgment is systematic by the class, so the
result show Al has the possibility of application.
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