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Abstract: The information on sea-level change data spans several time scales. The traditional prediction methods
only fit the trend and periodic terms of sea level change, making it difficult to decompose the signals of different
time scales, thereby resulting in low prediction accuracy. This paper proposes a combined prediction model of sea
level anomalies based on deep learning prediction models that integrate wavelet transform (WT) and long
short-term memory (LSTM) neural networks. Firstly, wavelet decomposition is performed to obtain the
low-frequency component reflecting the overall trend of sea level change and the high-frequency component re-
flecting the main features; each component is then predicted and reconstructed by an LSTM neural network to real-
ize the nonlinear prediction of sea level change. The root mean square error, mean absolute error, and correlation
coefficient of sea-level change prediction based on this model are 12.76 mm, 9.94 mm, and 0.937, respectively, and
the prediction accuracy is better than that of the LSTM and ensemble empirical mode decomposition—-LSTM pre-
diction models. Therefore, WT-LSTM combined model has better application potential for regional sea-level

change prediction.
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