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Preliminary Study on Estimating Building Damage using Deep Learning based on
Damage Assessment Data of Local Government after the 2016 Kumamoto Earthquake
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Insurance companies are required to estimate building damage rapidly and accurately when natural disasters occur.
In this study, we analyzed the damage assessment data of local government and the estimated seismic motion of the
2016 Kumamoto Earthquake using deep learning method, and examined the possibility of estimating whether the
building is totally collapsed or not. Multi-Layer Perceptron(MLP) was constructed using hyperparameters that was
determined by K-fold cross-validation based on the analysis data. When test data that include 71% of a class that
labeled “not totally collapse” was predicted by this trained MLP model, the classification accuracy was 80%, and the
recall rate reached 90% in so far as only “not totally collapse” data was taken.
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