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In order to mainly improve the evaluation accuracy of seismic motion, which
is less accurate than that of the building side, this study challenged the prediction of strong
ground motion, real-time and spatial evaluation of seismic motion, and building response prediction
using deep learning. We used a large number of strong-motion records including large-amplitude
records of the Tohoku region, Japan.

Although it should be noted that deep learning is highly dependent on the number and distribution of

data, we showed that deep learning can model complex phenomena and contribute to evaluation
accuracy improvement. Although it takes time to learn, neural network can be applied immediately and

is effective for earthquake early warning and immediate response for earthquake disasters.
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