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Deep Learning Interpretation of Building Damages
using Aerial and Ground Photographs
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This paper presents a study on deep learning interpretation of building damage using aerial and ground photographs.
After disaster occurred, to be implementer various building damage survey, but it is a problem that the investigation
will be prolonged due to the wide range of afflicted areas and lack of unvestigators. In this study, using aerial and
ground photographs, detection of building damage by CNN. As a result, high discrimination accuracy was obtained in
the 2 classification using aerial photographs and in the 2 and 3 classfication using ground photographs.
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