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Development of Building Damage Detection Model Using On-site Photos after the Kumamoto Earthquake and the
Noto Peninsula Earthquake
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In this study, we aim to assess building damage by detecting damage such as cracks on the walls of
buildings using deep learning using photos in areas damaged by the earthquakes. There is a lack of
speed and objectivity in damage assessment surveys and it is thought that using a model based on deep
learning to determine building damage will contribute to improving efficiency, speed and objectivity
rather than humans visit the site to carry out surveys. This study employs Mask R-CNN and YOLOv8
to achieve the objective. The images used for training are the photos of walls taken after the 2016
Kumamoto Earthquake and the 2024 Noto Peninsula Earthquake. Comparing the default model and the
model with attention module, which is a mechanism to identify where to focus on in input data, the
model with attention module is able to detect more flacking.
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modell | model2 | model3 | model4 | models
AP Detectron2 MMDetection
Backbone ResNet101 | ResNeXt101| ResNet101 | ResNeXt101 VOLOE-

Backbone

optimizer SGD
FEE 0.00025 0.0025 0.001
momentum 0.9
weight decay 0.0001 0.0005
FEEH 30000 300000
batch size 1
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modell | model2 | model3 | model4 | modelb
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