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Tide prediction accuracy improvement method research based on VMD
optimal decomposition of energy entropy and GRU recurrent neural network

Zhao Jie, Xie Zexiao,Liu Shixuan

(College of Engineering, Ocean University of China, Qingdao 266404, China)

Abstract: To improve the accuracy of tidal prediction further enhance the adaptability of the prediction model, and address a series of
problems, including the difficulties of intelligent and adaptive extraction of low-frequency tidal components, weak ability to dynamically
process tidal information, limitations of a single prediction model for overall tidal prediction, this paper proposes an improving tidal
prediction model based on adaptive optimal variational modal decomposition of energy entropy and GRU recurrent neural networks.
Firstly, the tidal data are normalized, and the VMD method is utilized for adaptive variational modal decomposition. Then, the optimal
decomposition level is confirmed based on the energy entropy of the components. Finally, each component of the optimal decomposition
is standardized and separately predicted and synthesized by GRU. The final prediction data are formed through reverse normalization.
Through verification and analysis, compared with LSTM and BiLSTM models, the GRU model has better performance in terms of tidal
prediction. The RMSE values are increased by 53% and 96. 8% , respectively. However, compared with a single GRU model, the
proposed prediction model has RMSE increase 81.3% again, and the accuracy improvement effect is more obvious. The method in this
paper has high promotion and application value for tidal analysis and prediction.
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Fig. 1 Flow chart of the prediction model
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Fig.3 Amplitude map in tidal frequency domain

M A U IS S & T2 H 0w 42
H i 8 /> F 253 iy MR R 1 MK 174 H 708
AT N 2SRRI B oA 7 T &6 3. 44x107° Hz S5 AR TE
11 A FE 25 ) v A B0 ) A AR 238 il DA g 3R 0 435 7
TIEMEE VL 2.27x107° 1. 17x107° 3. 44x107° Hz N
Hot s 0 s B R it 10 dB, 6.87 x 107 ~
3.436 99x107° Hz 451 2 3 B P9 A9 43 380 {5 2. 2 368 1
5 dB,4.47x107° Hz S5HK M5 S Y15/ T 5 dB 545
I3t S5 H WA 4 PR

X 2.268 42x10°
20 V184578

X1.168 5810~
Y 14.5857

3.436 99<10°
Y'10.000 5

X 4.468 09<10°
Y 4.4687

10° 107 10
A/ Mz

K4 BRI E

Fig. 4 Tidal power spectrum diagram
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