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Prediction of storm surge based on recurrent neural network
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Abstract ; Accurately forecasting storm surges can greatly reduce personnel injuries and economic losses, and so has
great practical value. Traditional methods for predicting storm surge mainly involve experience and numerical
forecasting, which makes it very hard to establish accurate models. Most of today’ s storm surge forecast methods
based on machine learning only extract the relationships among static data and fail to identify the relevant time
series properties of these data. In this paper, we propose a storm surge forecast method based on the recurrent
neural network. The storm surge data is rearranged with particular treatments, and an appropriate recurrent neural
network is designed to perform the prediction of the time series. Compared with traditional BP neural networks, the
recurrent neural network can better forecast time series data. In this study, we used a recurrent neural network to
predict surges at the Weifang gauge station. The results show that the recurrent neural network produces a better
prediction with a smaller error than the BP neural network.
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Fig.3 The unfolding of recurrent neural networks
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Fig.4 The process of storm surge
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Fig.5 The prediction of recurrent neural network for 3
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Table 1 The mean absolute error of the prediction of
storm surge in 2014
THIM st [E]/ b 1 2 3 4 5 6

BRUAMZE ML /ecm 471 10.0 157 21.0 26.0 30.3
BP &M% /cm  6.33 15.1 252 34.0 40.5 44.5
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