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Research on forecasting method of storm surge based on LSTM-GM neural network model//YUAN Ximin',
HUANG Yuqi®, TIAN Fuchang', CAO Lugan' (1. State Key Laboratory of Hydraulic Engineering Simulation and Safety,
Tiargin University, Tianjin 300072, China; 2. Zhejiang Design Institute of Water Conservancy and Hydroelectric Power Co. ,
Lid. , Hangzhou 310002, China)

Abstract: In order to fully explore the time series correlation characteristics of storm surge and improve the forecast
accuracy of storm surge, this paper comprehensively considered the influence of typhoon, meteorological and astronomical
tide factors on storm surge, combined the advantages of long short term memory (LSTM) neural network and gray model
(GM) , and proposed a forecasting method of storm surge based on LSTM-GM neural network model. Using this method 12
historical typhoon data were used to simulate and forecast the storm surge in the Xiaoqing River Estuary, and the forecast
results were compared with the prediction results of the LSTM neural network and the BP neural network. The results
showed that compared to LSTM neural network and BP neural network, the NSE index of LSTM-GM neural network model
increased by 6.5% and 11.4% , RMSE decreased by 70.6% and 72.2% , and MAPE decreased by 50% and 69.2% ,
respectively. The LSTM-GM neural network model can effectively handle the nonlinear relationship between storm surge and
various influencing factors, and improve the accuracy of storm surge forecast.
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Fig.2 Forecast flow of LSTM-GM neural network model
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Fig.3 Location of Xiaoqing River Estuary
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Table 1 Historical typhoon characteristics of Yangkou Port
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1105 K 2.30 2011-06 -23
1210 k4 2.62 2012-08 -03
1410 i 2.54 2014 -07 -24
1810 ZH 2.42 2018 -07 -23
1814 BEFE 2.63 2018-08-12
1818 R 2.32 2018-08-19
1909  FlHD 2.37 2019 -08 - 11
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