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Abstract @ In the present study, a deep learning model was established to predict the motion response of small fishing vessels. Hydrodynamic
performances were evaluated for two small fishing vessels for the dataset of deep learning model. The deep learning model of the Long Short-Term
Memory (LSTM) which is one of the recurrent neural network was utilized. The input data of LSTM model consisted of time series of six(6) degrees of
freedom motions and wave height and the output label was selected as the time series data of six(6) degrees of freedom motions. The hyperparameter and
input window length studies were performed to optimize LSTM model. The time series motion response according to different wave direction was
predicted by establised LSTM. The predicted time series motion response showed good overall agreement with the analysis results. As the length of the
time series increased, differences between the predicted values and analysis results were increased, which is due to the reduced influence of long-term
data in the training process. The overall error of the predicted data indicated that more than 85% of the data showed an error within 10%. The

established LSTM model is expected to be utilized in monitoring and alarm systems for small fishing vessels.
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Table 1. Main particulars of fishing vessels

. . Symbol FV1 Fv2
Main particulars [unit] (977 Ton) | (3 Ton)
Length between

Perpendiculars Ligp(m) 14.520 9.460
Breadth B(m) 3.800 2.870
Depth D(m) 1.180 0.860
Draft at midship d(m) 0.629 0.440
Displacement V(Ton) 30.951 10.968
Longitudinal
Center of gravity LCG(m) -1.592 -1.306
Vertical c.enter of VCG(m) 1.269 1210
gravity
Metacenter GM(m) 0.877 0.589
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Fig. 1. Perspective view of fishing vessels: (a) FV1 and (b) FV2.
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Fig. 2. Coordinate system in hydrodynamic analysis.
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Fig. 4. Motion RAOs for FVI.
0y = U( VVJL‘hiaIt + Vthiahtfl + bhia) (4)
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Fig. 6. A diagram of LSTM layer.
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Fig. 7. Schematic architecture of LSTM model.
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Table 2. Hyperparameter study with variable number of layers and

neurons

Case Number of LSTM Number of neurons in
layer LSTM layer

LIN100 1 100

LIN200 1 200

LIN300 1 300

L2N100 2 100

L2N200 2 200

L2N300 2 300
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Fig. 8. Convergences of loss values.
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