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Abstract Sea surface temperature (SST) is an important marine hydrologic parameter, and its accurate prediction is
critical in marine-related fields. Deep learning has been widely and increasingly used for SST prediction in recent years
because of its strong analytical ability. However, the volatility and randomness of SST time series still constitute a
challenge for accurate prediction. In this study, variational mode decomposition (VMD) is first introduced as a
denoising module to reduce the influence of SST sequence noise on the prediction results. Then, to solve the lag
phenomenon of depth models in SST prediction, the method of transfer learning is adopted to combine the concepts of
long-short term memory (LSTM) and broad learning system (BLS). LSTM is used as the feature mapping node of BLLS
to improve the prediction accuracy. As a result, an SST prediction model based on VMD, LSTM, and BLS is
proposed. The SST of the East China Sea is selected as an example for verification. By comparing with benchmark
models, support vector regression (SVR), LSTM, gate recurrent unit (GRU), and existing deep models, it is shown
that the proposed model is relatively stable and efficient in SST prediction, which provides a new idea for the
development of SST prediction.
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Table 1 Algorithm parameters

Model Parameter Value
k 3
VMD Alpha 1
Tol 10°°
Layers 3
LSTM
Neurous 164,32,161
Dropout P 0.2
S 0.9
BLS C 10*
N1,N2,N3 {16,30,2801
Layers 2
Neurous {10, 14
Dense )
Batch size 128
Epoch 300
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Table 2 Accuracy comparison with existing models
Model Metrics T1 T2 T3 T4 T5
MAE 0.2694 0.2772 0.2909 0.2870 0.2647
STL-LSTM
RMSE 0.3518 0. 3588 0.3678 0. 3345 0. 3240
MAE 0.2012 0.2130 0.1988 0.2136 0.1823
EMD-LSTM
RMSE 0.2491 0.2612 0.2439 0.2564 0.2349
MAE 0.2575 0.2645 0.2472 0.2578 0.2524
MC-LSTM
RMSE 0.3215 0. 3264 0.3124 0. 3278 0. 3164
MAE 0.0727 0.0784 0.0676 0. 0826 0.0766
VMD-LSTM-BLS
RMSE 0.0957 0. 1089 0. 0864 0.1032 0.1166
F 3 AN [} [ 2 AR A SRS X L
Table 3 Comparison of prediction accuracy of models with different time steps
Model MAE (1,5,7) RMSE (1,5,7)
LSTM 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
SVR 0.3145 0.4908 0. 6804 0.4112 0. 6096 0. 8063
EMD-LSTM 0. 0865 0.2012 0.2735 0.1187 0.2491 0. 3045
STL-LSTM 0. 1364 0.2694 0.2954 0. 1854 0.3518 0. 3845
MC-LSTM 0.2036 0.2575 0.2978 0.2342 0.3215 0.3521
VMD-LSTM 0.0627 0.1166 0.1709 0. 0854 0.1436 0.1963
LSTM-BLS 0. 2366 0.2785 0. 3587 0. 2688 0. 3847 0.4423
VMD-LSTM-BLS 0. 0457 0.0727 0. 0669 0.0742 0.0957 0. 0885
4 45 i & % X
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