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Introduction

Accurate prediction of extreme storm surges is critical for coastal N * Dataset: Dinghai (22 typhoons) —nIO-ANN (b)
disaster prevention and mitigation, yet remains challenging for data- s * Evaluation: 5-fold cross validation ¢ CNN-LSTM | 20
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China and profound sensitivity to data uncertainty. This study reduces (CC), Root mean square error

neural networks-based (NNs-based) severe storm surge prediction (RMSE), Peak error (PE)

e Conclusions:

CcC
RMSE (cm)
[a—y
<

PE (cm)

errors through three approaches: wind speed data correction, model
/ selection, and strategic data augmentation via numerical models.
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Fig. 1 Typhoon 9711 (Winnie) is approaching the Zhejiang coast.
The stations, from top to bottom, are Dajishan, Tanxvdao, Dinghai,
Zhenhai (Sea), Shacheng, and Sansha.

Sensitivity Analysis of Data Uncertainty
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e A * WHY? Various errors exist in real-world data, e.g., historical wind speed data provided by
A China Meteorological Agency are highly biased before 1970s.
~ “ * The effect of correction of pre-1971 wind speed data
\ , : Correcting this bias improves prediction accuracy, with ~10 cm improvement for peak prediction,
) . r Sl indicating the significance of data quality control in building NNs-based storm surge prediction
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