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A hybrid sea surface temperature predicting method based on deep learning
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(School of Automation, Nanjing University of Information Science and Technology, Nanjing 210044, China)

Abstract: Sea surface temperature (SST) is an important parameter of ocean hydrology, and accurate prediction
of SST is of great significance for ocean economic development and extreme weather prevention. For the
characteristics of SST series with multiple noises, variational model decomposition (VMD) is used to pre-
process the SST series and reduce the influence of noise on the prediction results. Furthermore, the
convolutional neural network (CNN) is combined with the long short-term memory network (LSTM) extracting
both spatial and temporal features in SST sequences to improve the prediction accuracy. Finally, a SST
prediction model based on deep learning with incorporating the denoising module is proposed in this paper. The
SST of China's East China Sea waters is selected for empirical study. Through comparison and analysis with the
baseline models and existing models, it is proved that the model in this paper not only improves the SST
prediction accuracy significantly, but also has better robustness.
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Tab.l Statistical data of each marker (C)

e CPIE feEE RME s0% R
T1 18.12 5.44 9.35 17.41 30.96
T2 21.52 424 14.42 21.13 31.22
T3 21.14 427 12.45 20.65 31.32
T4 21.16 4.19 13.75 20.87 30.01
T5 23.56 3.73 15.88 23.51 31.04
T6 25.39 2.67 20.01 25.43 30.62
T7 25.82 2.53 21.09 25.82 31.01
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Tab.2 Algorithm parameter table

AL B SR SR
K 3
VMD Alpha 1
Tol le-6
Kernel_size 5
CNN
Filters 32
Layers 3
LSTM
Neurous {32,32, 16}
P 0.2
Dropout
Layers 2
Neurous {10, 1}
Dense Batch_size 128
Epoch 200
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Tab.3 Prediction effect of different modal components

R MAE REMSE
IMFO 0.2639 0.3548
IMF0+IMF1 0.2318 0.3104
IMFO+IMF1+IMF2 0.1261 0.1607
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Fig. 7 Comparison result graph with baseline models
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Tab.5 Algorithm parameter table
(L EEE 1A MAE(1,5,7) RMSE(1,5,7)
Lst™"” 0.2545 0.3309 0.3956 0.2845 0.4351 0.4956
GRU"" 0.2589 0.3504 0.4015 0.3104 0.4527 0.5046
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