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Abstract

Monthly mean sea level prediction is an essential basis for coastal zone risk management and ma-
rine environmental forecasting. Aiming at the deficiencies of existing methods in balancing the
multi-scale non-stationary characteristics and temporal dependence of sea level sequences with
limited prediction accuracy, this study constructs a hybrid prediction model combining parameter
adaptive variational mode decomposition (VMD) and CNN-BiGRU. Based on the measured data from
the Zhapo tide gauge station in the northern South China Sea, the sample entropy and grey wolf opti-
mization algorithm are adopted to adaptively optimize VMD parameters and decouple non-stationary
sea level time series components. CNN is used to extract local fluctuation features, and BiGRU is ap-
plied to explore bidirectional long-term temporal correlations to realize accurate monthly sea level
prediction. The results show that VMD optimized by sample entropy outperforms traditional entropy
criteria, reducing the mean square error by more than 15% and the mean absolute error by 9.3%. The
CNN-BiGRU framework achieves optimal performance at an input step size of six months, effectively
capturing sequence mutation features. The model presents robust full-cycle prediction with control-
lable errors during monsoon transition periods, providing technical support for coastal disaster pre-
vention and marine environmental forecasting.
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Figure 1. Information of the study area
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Figure 2. Framework of the sea level change prediction scheme
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Figure 3. Prediction performance of various entropy functions on the test set
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Figure 4. Prediction quality of various entropy functions in local time periods
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Table 1. Objective evaluation index performance of various entropies (unit: mm)

1. BB EINTNIEFRIEEE(RAL: mm)

RMSE MAE MAPE NSE

PeEn 19.666 14.677 0.206 0.971
SpEn 14.707 12.204 0.172 0.984
FuzzyEn 17.269 13.448 0.189 0.977
EnVeEn 22.712 17.882 0.253 0.961
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Figure 5. Long-term prediction capability of various deep learning models on the test set
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Figure 6. Prediction quality of various deep learning models in local time periods
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Table 2. Objective evaluation index performance of various deep learning models (unit: mm)

2. BMREZE JEANZEIFNIEIRERE(RL: mm)

RMSE MAE MAPE NSE

LST™M 23.511 17.864 0.250 0.958
BiGRU 21.256 16.342 0.229 0.966
CNN-BILSTM 18.575 14.712 0.207 0.974
CNN-BiGRU 14.707 12.204 0.172 0.984
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Figure 7. Prediction performance under different time-step feature inputs
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Figure 8. Prediction performance of various entropy functions at the monthly statistical scale
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Figure 9. Prediction performance of various prediction models at the monthly statistical scale
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