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A Study on Performance Improvement of Detecting Disaster Areas
from Earthquake Images Using Detectron2
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Abstract: Although prompt assistance to disaster-affected areas is desirable because of the dangers involved even after a disaster
has occurred, it is sometimes difficult for people to visit the affected areas. Therefore, the authors have continued research on image
recognition technology using Detectron2 to automatically estimate the content and scale of the damage in the area immediately
after a disaster. This paper aims to improve the accuracy of previous research, mainly by revising the category definitions, which
were frequently misrecognised. In the experiments, the authors report on the estimation of the disaster area for images related to

the Kumamoto earthquake that occurred in 2016.
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