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Damage evaluation of building via convolutional neural network
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In order to carry out prompt restoration activities after the occurrence of a natural disaster such as an earthquake, it is
important to grasp the buildings’ damage situation and damage distribution of the affected area as soon as possible. In this
study, the buildings” damage is evaluated from the image data of building by using Convolutional Neural Network. Furthermore,
to grasp the geographical distribution of the damage, a results of the damage evaluated by CNN are plotted on a map.
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