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DETECTION OF DAMAGED BUILDINGS DUE TO EARTHQUAKES BY DEEP LEARNING TEQUENIQUE
USING AERIAL LASER SURVEY DATA
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In the April 2016 Kumamoto earthquake, a moment magnitude 6.2 earthquake occurred in Kumamoto
region of Kumamoto Prefecture, Japan, and a moment magnitude 7.0 earthquake occurred about 16
hours later in the same region. In this study, we attempted to construct a damage discrimination model
using aerial laser survey data as an efficient and safe method to assess the damage to buildings caused
by the earthquake. Convolutional neural network (CNN), one of the algorithms of deep learning, was
applied to the aerial laser survey data collected after the main shock, and the best model was investigated
by changing the network configurations. As a result, a model with a correct response rate of over 90%
was constructed, which was better than the authors' model developed by Random Forests.
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