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Applmg deep learning method to the neural network flood prediction model
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As the real-time flood prediction model, Artificial Neural Network (ANN) model has been widely used.
To improve the accuracy of the prediction, authors applied the deep learning method to the ANN flood-
prediction model. The developed model is applied to the one catchment of the OOYODO River, one of
the first-grade Rivers in Japan. The prediction result is compared with conventional ANN model and
the physically based models, consequently the developed model showed the best performance.
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