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Multi-modal prediction method for ship motion based on LSTM

ZHANG Yanfeng, YANG Zhen, WANG Lipeng, YU Miao
(College of Intelligent Systems Science and Engieering, Harbin Engineering University, Harbin 150001, China)

Abstract: To improve the prediction accuracy of the long short-term memory (LSTM) model in the field of ship motion
attitude and simplify the parameter tuning process, a double-layer mode decomposition strategy is designed for ship mo-
tion data. Combined with the Kepler optimization algorithm (KOA), a multi-modal prediction model for ship motion at-
titude is proposed. This model adopts a double-layer mode decomposition (DLMD) scheme integrating improved com-
plete ensemble empirical mode decomposition with adaptive noise ICEEMDAN) and variational mode decomposition
(VMD) to perform double-layer decomposition on the original time-series data of ship motion attitude. This decomposi-
tion resolves the over-smoothing issue of high-frequency components in the first-layer decomposition, while eliminat-
ing the coupling interference between high-frequency noise and effective signals in the same frequency band, thus im-
proving the prediction performance of the model. Furthermore, KOA is introduced to optimize the hyperparameters of
LSTM during model training, which addresses the problems of low efficiency and easy trapping in local optima in
LSTM parameter tuning. Ablation experiments and overall algorithm verification experiments are conducted based on a
real ship motion dataset. The ablation experiments verify the independent contributions of the DLMD and KOA mod-
ules; the results of the algorithm verification experiments confirm the synergistic effect of the two modules, and demon-
strate that the proposed model can achieve high-precision prediction of ship roll and pitch attitudes as well as automatic
optimization of hyperparameter combinations.

Keywords: ship; roll; pitch; time series; short-term prediction; long short-term memory; double-layer modal decomposi-

tion; Kepler optimization
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Table 2 Predict roll results under different decomposition

methods
! . |[Error|<0.05 rad
f#J7i:l  RMSE MAE  Std 1%
Teorfid 0.1034 0.0784 0.1029 43.35
VMD 0.0962 0.0766 0.0948 41.08
ICEEMDAN 0.0955 0.0744 0.0943 43.93
DLMD 0.0924 0.0712 0.0922 46.30
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Fig. 6 Ship attitude prediction results under different de-
composition methods
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Table 3 Predict pitch results under different decomposi-
tion methods

. |[Error|<0.05 rad
ETX RMSE MAE Std %
Teor 1 0.0397 0.0317 0.0385 79.19
VMD 0.0383 0.0301 0.0275 79.09
ICEEMDAN  0.0378 0.0300 0.0366 80.65
DLMD 0.0358 0.0286 0.0349 82.44
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Optimization iteration results of different algorithms
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Table S Different models predict roll results
T RMSE MAE Std [Error|<0.05rad
/%
PSO-LSTM  0.0932 0.0729 0.0922 44.01
GWO-LSTM 0.0849 0.0676 0.0843 44.93
KOA-LSTM 0.0821 0.0655 0.0772 45.21
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Table 6 Pitch prediction indicators

|Error|<0.05rad

B RMSE MAE Std

i H/%
PSO-LSTM  0.0375 0.0299 0.0375 79.71
GWO-LSTM  0.0489 0.0391 0.0488 74.11
KOA-LSTM  0.0351 0.0281 0.0353 83.57
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Fig. 11 Comparison of pitch prediction
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Table 9 Comparison of roll prediction indicators for sea

state 2
™ Error|<0.05 rad

A RMSE MAE sd | 5' /%
D-K-LSTM 0.0864 0.0687 0.0859 49.67
TCN 0.1035 0.0785 0.1031 43.86
Bi-LSTM  0.1298 0.0927 0.1277 25.43
LSTM 0.1143 0.0853 0.1141 34.18
GRU 0.1081 0.0816 0.1073 41.59
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Table 10 Comparison of pitch prediction indicators for sea

state 2
BOW  RMSE MAE s Cons00srad
/%
D-K-LSTM  0.0368 0.0315 0.0365 89.57
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- |Error|<0.05 rad
Y RMSE MAE Std

i /%
TCN 0.0559 0.0483  0.0553 68.39
Bi-LSTM  0.0691 0.0617 0.0688 61.74
LSTM  0.0493 0.0425 0.0484 74.96
GRU  0.0718 0.0598 0.0695 51.27
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Table 11 Comparison of roll prediction indicators for sea
state 3

- |Error|<0.05 rad
s RMSE MAE Std

i H/%

D-K-LSTM  0.0920 0.0734 0.0913 49.86
TCN 0.1038 0.0785 0.1026 25.72

Bi-LSTM 0.1302 0.1121 0.1284 16.95
LSTM  0.1107 0.0862 0.1091 21.38

GRU 0.1089 0.0827 0.1085 24.04
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Table 12 Comparison of pitch prediction indicators for sea
state 3

- |Error|<0.05 rad
HRHY RMSE MAE Std

i /%
D-K-LSTM  0.0397 0.0364 0.0391 87.91
TCN 0.0583 0.0537 0.0579 61.73
Bi-LSTM  0.0716 0.0641 0.0706 52.36
LSTM  0.0495 0.0498 0.0493 67.12
GRU 0.0698 0.0626 0.0692 54.58
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