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Abstract: Ship motions induced by waves have a significant impact on the efficiency and safety of off-
shore operations. Real-time prediction of ship motions in the next few seconds plays a crucial role in
performing sensitive activities. However, the obvious memory effect of ship motion time series brings
certain difficulty to rapid and accurate prediction. Therefore, a real-time framework based on the
Long—Short Term Memory (LSTM) neural network model is proposed to predict ship motions in regular
and irregular head waves. A 15000 TEU container ship model is employed to illustrate the proposed
framework. The numerical implementation and the real-time ship motion prediction in irregular head
waves corresponding to the different time scales are carried out based on the container ship model.
The related experimental data were employed to verify the numerical simulation results. The results
show that the proposed method is more robust than the classical extreme short—term prediction method
based on potential flow theory in the prediction of nonlinear ship motions.

Key words: deep learning; LSTM; ship motion; real-time prediction; irregular waves

CLC number: U661.32 Document code: A doi: 10.3969/.issn.1007-7294.2024.12.001

0 Introduction

The large—amplitude motions of a ship in severe sea states endanger the maritime operational efficiency
and safety, especially for special maritime operations such as ship—borne helicopter landing"!, ship—based
missile launch and control of ship navigation in waves””. The determination of ship motions in the coming sec-
onds can provide a decision—making basis for decision—makers to prevent and reduce the occurrence of acci-
dents. Thus, real-time prediction of the deterministic ship motions has always been a hot issue in the hydro-
dynamic field.

By definition, the real-time prediction of ship motions is to achieve an accurate prediction of ship mo-

tions in the next few seconds, tens of seconds or even minutes by the rapid analysis and processing of the
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known data set. Then, the prediction results are applied in the operation guidance and compensation control
of special maritime operations. In recent years, the extreme short—term prediction method of ship motions has
been extensively studied in various subjects for its feature of immediacy.

As is known, the real wave environment is of irregular waves, and the significant wave height is an im-
portant parameter to represent the characteristics of ocean waves. Early studies on the prediction of signifi-

cant wave height were developed based on the linear prediction model®™

and the classic time series predic-
tion model®”, These methods are applicable to the linear and stationary time series model. However, the time
series model in high sea states is so complex with the characteristic of nonlinearity and nonstationarity. Thus,
the performances of these methods are far from expected™.

Fortunately, the machine learning approach provides a potential way for nonlinear ship motions predic-
tion for its capability in nonlinearity processing. With the development of computer engineering, a large num-
ber of deep learning models and artificial intelligence technology have been introduced into the field of ship
motion prediction, which includes the fuzzy mathematics method”, chaos theory method"” and neural net-
work method"'™", etc.. Furthermore, it has been confirmed that the neural network method shows excellent
behavior in nonlinearity processing.

Recurrent Neural Network (RNN), a common neural network method, was designed to solve time se-
quence modeling problems. However, researchers found that when RNN model is used to predict ship mo-
tions in waves, then the training efficiency of the model will decrease, even leading to the gradient explosion
and gradient vanishing. The primary reason is that the memory length is too long"*™'*. Gers et al pointed out
that the forget gate of the LSTM model can avoid the gradient vanishing caused by the continuous product in
solving the weight matrix gradient™. As is known, the motion time series of marine structure have obvious
memory effect. In other words, the waves generated by the present motions will remarkably affect subsequent
ship motions. Thus, the machine learning based LSTM model has been extensively employed in the time se-
ries modeling problems of marine structure motions.

By using the LSTM model, Qiao et al predicted the dynamic responses of mooring lines based on the
ship motions. The results show that the mooring line responses predicted based on the LSTM model show
high precision'"®. Sun et al proposed a new hybrid prediction model for ship motion attitude with LSTM neu-
ral network model and Gaussian Process Regression (GPR). The prediction experiments of ship rolling and
pitch motions were carried out based on the proposed model, then the effectiveness and advancement of the
hybrid model were verified"”. Guo et al carried out the deterministic predictions of the heave motion of a
floating semi—submersible, then quantified its uncertainty of the predictive time series'*.

The paper aims to achieve the real-time prediction of nonlinear ship motions in the coming seconds
based on the past ship motion records. The structure of the paper is organized as follows: In chapter 1, the hy-
drodynamic formulations based on potential flow theory for nonlinear ship motions in regular and irregular
waves are presented. Chapter 2 describes the implementation details of the LSTM neural networks. In Chap-
ter 3, the numerical simulation verification and towing tank test verification are carried out in regular waves.
Furthermore, the results corresponding to the different time scales in irregular waves are presented and dis-

cussed. Finally, Chapter 4 summarizes the work of this paper and gives the conclusions.

1 Hydrodynamic methods in the framework of potential flow theory

The ship motions in waves can be treated as a forced vibration under the wave excitation,
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[al{ii, ()} = {F (1)} ()
where, [a] denotes generalized structural mass matrix, {n,(t)} denotes the rigid ship motions in

waves, r = 1,2, ..., 6 denotes the rigid modes for hydrodynamic analysis of rigid motions and r =7
denotes the elastic modes for hydroelastic analysis, {F( t )} denotes all the fluid forces that include
the hydrostatic restoring force, incident wave force, diffraction wave force, radiation force and slam-
ming force.
1.1 Fluid forces
1.1.1 Hydrostatic restoring force

Differing from the linear theory, the nonlinear hydrodynamic theory takes into account the in-
stantaneous wetted surface S(t) and the slamming forces. Thus, the hydrostatic restoring force on in-
stantaneous wetted surface S(¢) is calculated as follows:

{(FO = =pg [[({ms(0)} = {ms (1)} x) nds 2)

S(1)

{F = —pg [y {m. (1)} n.ds 3)
S(t)

(FO = —pg [[(ms(1) = ms(1) ~x)nds 4)
S()
where, p is the fluid density, {773 (¢ )}, {1]4(15)} and {175 (¢ )} are the motion amplitudes of heave, roll-
ing and pitch at time ¢ respectively, n = (nl,nz, ) denotes the unit inner normal vector of the hull
surface, perpendicular to the ship surface and pointing towards the interior of ship. And
(n4,n5,n6) = (¥ X n), in which 7 is radius vector.
1.1.2 Wave exciting force
The wave exciting force of ships includes incident wave force and diffraction wave force. The

incident force and diffraction force in regular waves can be written as by using the interception of

instantaneous grid:

{F.(z)}:—pzﬂ (o= U ) gy
N (5)
{Fu (0= =z, .G - U2 )y

S(t)
where, {, is the wave amplitude of regular wave, w is the wave frequency, ¢, and ¢, are instanta-
neous incident potential and diffraction potential corresponding to unit wave amplitude.
To study the impact of different wave frequency components on the motion responses in irregu-
lar waves, the convolution relationship proposed by Cummins is used to obtain the incident wave

force and diffraction wave force in irregular waves''”":

= [ n(e-)¢(r)dr
(Fo()}= [ h =0y e()de
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where, { (7)) is the wave elevation at instant time of irregular waves, h.(#)and h”(¢) are the impul-
sive response function of incident wave force and diffraction wave force.
1.1.3 Radiation force

The memory effect of ship motion time series is related to the radiated waves. The significance
of memory effect is that the present ship motion is related to the past ship motions. Thus, the memo-
ry effect needs to be considered in solving the radiation force. In this work, the time—domain memo-

ry function is used for the radiation force in irregular waves:
{Fu()} = =[], (0} - [ [K()]{a. (¢ - 7)}ae 7)
where, [ () ]is the added mass as & — . [K (7)]is the memory function.
As for the regular wave with single frequency, the radiation force in irregular waves can be re-
duced to the expression as follows:

Fo()f = [ A(@)] 6, (1)) = [B(@)] {0,(1)} ®)
where, [ A(®)]is the added mass with frequency w, [ B(w)]is the fluid damping coefficient with
frequency w, both of which are 6X6 matrices. In this work, a semi—analytical method proposed by
Cao for [ K (7)]in the whole frequency range is employed™.

1.1.4 Slamming force

In this work, the momentum slamming theory is applied to predicted slamming loads :

dm(x,t)(dZR)2 dz,

<0
dz de de

dz,
de

where, m(x, t) is the instantaneous added mass, and Z,(x, t) is the vertical relative ship motion to

{F(%.1)} = 9)

0 >0

wave in vertical plane.
1.2 Hydrodynamic time—domain motion equation
When the above fluid forces acting on the hull are obtained, the hydrodynamic motion equa-

tion at each instant time in regular and irregular waves can be expressed as follows:
+[u@]) fii, (0} + [ 1K ()1 {0, (0= o)} de + [ €1, (1)
={F()f + {Fy()f + {Fi(0)

Finally, the fourth—order Runge—Kutta method and modal superposition method are adopted to

(10)

predict the 6-degree ship motions at each time step.

2 LSTM neural network

2.1 Basic concepts of LSTM model
Due to the excellent performance in time series prediction, LSTM has been applied in the long

sequence training, such as time—domain prediction of ship motions"”*'7*, As a special RNN model,
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the LSTM cell contains three gates to control the cell state, which are forget gate, input gate and out-

put gate. The LSTM cell structure is shown in Fig.1.

Fig.1 Internal structure of LSTM model

As shown in Fig.1, the internal structure of LSTM model includes 5 parts. Part 1 is the forget
gate f,, which determines the information discarded from the previous cell. The calculation process

can be expressed as:

ool o)

where, x,, h,_.;, W, and b, represent the present input, the previous hidden state, the weight matrix of
forget gate and offset vector of forget gate, respectively.
Part 2 is the input gate i,, which determines the information added to the current cell. The cal-

culation process can be expressed as:

i, = U(WB’} bi) (12)

¢, =tanh(W,-[h, ,.x]+b,) (13)
where, W, and b, represent the weight matrix and offset vector of input gate, ¢, is the temporary state,
W, and b, represent the weight matrix and offset vector of the current cell state. o and tanh are the

activation functions, their calculation formulas are as follows:

1
o(x)= (14)
1 +e™*
tanh (x) = — (15)
e +e”

Part 3 is the output gate o,, which determines the information exported from the current cell.

The calculation process can be expressed as:

0 = O'(Wo . {’L} . bn) (16)

where, W, and b, represent the weight matrix and offset vector of output gate, respectively.
Part 4 is the update structure of the current cell state, which is used to remember the input of
the previous moment for neurons. In the process of data transmission, the current cell state ¢, can be

obtained by the previous cell state ¢,_; and temporary state ¢,.
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c,=fc_,+i-¢ (17)

It should be mentioned that the information of the current cell state ¢, does not copy the previ-

ous cell state ¢,_,; completely, but chooses to forget some content and remember some new content

based on ¢,_,. As shown in Eq.(17), the relationship between the previous cell state and the current

cell state is not a composite function, but a linear superposition of multiple independent functions.
This means that the likelihood of gradient explosion and gradient vanishing will be greatly reduced.

Part 5 is the output information of the current cell state C,, which is used to output the final

learning results. The current hidden state h, can be expressed as:

h, = o, - tanh(c,) (18)

Once the LSTM model achieves the sequence feature extraction, the features would be input

into a fully connected layer to calculate the final output of the whole neural network, which is shown

as follows:

v,=d(Wh+0) (19)

where, y, denotes all the predicted future ship motions, W, and b, represent the weight matrix and
offset vector of predicted future ship motions.
2.2 Principle of prediction of ship motion based on LSTM model

The LSTM model can be regarded as a complex unknown function. The past motion data of a
ship, which can be taken as independent variable, is imported into the function to train LSTM mod-
el and adjust parameters continuously. Thus, the basis for predicting future ship motions is to build
an LSTM model by programming. Firstly, the known ship motion data are imported to train the mod-
el. Then, the model parameters are adjusted in each iteration so that the rule of data change can be
learnt and recorded by the model. Finally, the ship motion data in the coming seconds can be pre-
dicted based on the trained LSTM model.

Taking the simple linear regression model as an example, the essence of prediction of future
data is explained as follows. Generally speaking, Eq.(20) is selected to fit a series of data to obtain
future predicted values.

Fon ()= + b (20)
where, x is the input variable, and f,, (x) is the predicting function. During the training process, both

flx) and x are known values, w and b are the undetermined parameters of the regression model. Thus,
the purpose of training is to fit the undetermined parameters of the model. During the testing, w and
b have been trained to reach the optimal value, Then the future ship motions can be predicted by f{x).

The loss function, which is the mean square error, can be obtained by the training set.

m 2 m 2

L(w,b)= 217121( D(x) =) = ;;(WW +b - y") (21)
where, y is the output variables, that is, the true values. And m is the total number of training sam-
ples, (x(i), y(i)) is the i—th training sample, £} («x) is the value obtained by substituting " into function
fix). Given that the loss function is the mean squared error, a smaller value of the loss function im-
plies a higher degree of model to fit the data.

Substituting the loss function into the gradient descent formula, the iterative expression for the
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undetermined parameters in regression models can be derived, as shown in Eq.(22):

WD = ) — a% L, 69) = b - a;g(wwxm 80— y0) 20

22)
B = i) _ a: 1w, 69) = 9 - aiz( a0 1 490 = 40)

b m =
where, w” and b? are the values of the undetermined parameters of the model at present, w'" and
b"" are the updated parameter values of the model after the next gradient descent, « is the learning
rate which can controls the speed of parameter changing with gradient.

The role of known data in the training of model parameters can be intuitively demonstrated by
Eq.(22). The model can be trained by substituting the known input variables and the corresponding
output variables. It is noted that in each cycle, both w and b need to be updated simultaneously to
obtain the correct model parameters. After certain data or cycles, the appropriate model parameters
w and b can be obtained with the minimum value of the loss function. At this point, the model can
have good ability to fit data. Then the corresponding output variable results ¥ can be obtained by
substituting the unknown input variable values x into the model.

The procedure of predicting data based on the LSTM model is similar to the above example.
Differing from the linear regression model, the LSTM model is more complex and have more connec-

tion layers. The process of predicting ship motion data based on LSTM model is shown in Fig.2.

Known update | Predictive model | train The optimized
motion data training set prediction model
update

update | Prediction model | import |  The optimized | forecast | Motion data
prediction set prediction model predicted value

Fig.2 LSTM model prediction process
2.3 Set—up and training of LSTM model
In this work, the LSTM neural network model is built, trained and tested based on the Tensor-
Flow platform. Firstly, the computational neuron units are established, and then these neurons are
connected into hidden layer units. Secondly, according to the calculation requirements, the hidden
layer is copied and connected into hidden layer structure. Finally, the corresponding parameters are
configured to complete the construction of LSTM neural network framework. The LSTM neural net-

work layers are shown in Fig.3.

Hidden
state: A}’

Input: i/

Time series: 7

Fig.3 LSTM neural network layers
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The computer environment and software version for building the LSTM model are listed as fol-
lows:

*Operating System: Win10;

*Graphics Card: NVIDIA Quadro RTX 6000;

*Visual Studio: 2019;

*CUDA: 10.0;

*cuDNN: 10.0;

* Anaconda Environment Manager: 64 bit;

*Packages: Python 3.8;

*TensorFlow: 2.0.

Firstly, the hyper—parameters (such as input_size, hidden_size, num_layers, output_size),
which can directly affect the structure of the LSTM model, are set for the LSTM model. Then the da-
taset needs to be preprocessed and divided into training and test sets. Secondly, LSTM model struc-
ture is defined, including assigning values to hyper—parameters, selecting activation function, etc.
After the preparation work is completed, the LSTM model is trained and the training set is imported
for iterative loop. By reducing the value of the loss function continuously, the fitting degree of the
model to the data is gradually improved. Finally, when the training frequency reaches the target val-
ue, the training process is completed, and the model parameters are saved so that the updated mod-
el parameters can be used directly for the predicton of ship motion. When predicting the actual ship
motion data, only the trained model parameters need to be imported to predict the future motions
based on the existing data.

The prediction accuracy mainly depends on the training effect of the model, which is deter-
mined by the input—output pairs of the training sets. It is worth noting that when the ship is operat-
ing at sea, it is usually equipped with a motion measurement device in order to transmit the ship mo-
tion data to the shipboard aircraft. Differing from the traditional real-time prediction method that
takes wave height as input and ship motions as output, the data of obtained past ship motions are de-
fined as the original input values, and the data of ship motions in the coming seconds are defined as
the original output values in this work. The ship motion responses in head waves refer to the heave
and pitch motions of the ship in regular and irregular waves. To improve the training effect of the
model, the input—output pairs of training sets should cover all possible sea states, and the data need
to be evenly distributed in the range of possible sea states. The training data are obtained based on
the 3—D nonlinear hydrodynamic method presented in Chapter 1.

The initialization neuron parameters of the LSTM model are randomly generated, which is the
same as all deep learning models. The Back Propagation Through Time (BPTT) algorithm is applied
for the reverse solution of the gradient, and then the model neurons parameters are adjusted accord-
ing to the gradient until convergence'™. More details about the BPTT algorithm are presented in the
work of Guo et al®™. In this work, the corresponding parameters of LSTM model in the framework of
TensorFlow are:

* Activation function: tanh;
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*Optimizer: Adam;
*Learning rate: 0.000 5;

*Reuse variable: True.

3 Results and discussion

3.1 Method validation in regular waves

In addition to the training set of LSTM neural network model, the validating set, which is used

for validating the accuracy of the predicting results from the trained LSTM neural network model,

should also be given. Furthermore, the data of validating sets should be independent of or different

from that of the training sets, which can evaluate the ability of the trained LSTM model to obtain the

required output and to verify the calculation accuracy. In this work, the validating set includes two

parts: the numerical simulation set and the towing tank test set. The numerical simulation set em-

ployed in this work is the data calculated by the soft- Tabh.1 Main dimensions of the 15000

ware COMPASS-WALCS-NL. The towing tank test
set used in this work is the model experimental data
obtained in towing tank. Due to the lack of test data of
aircraft carrier or destroyer motions, a 15000 TEU con-
tainer ship is chosen as the research object for test ver-
ification®". The main dimensions of the target ship are
listed in Tab. 1. The representative calculated work

conditions chosen in this paper are shown in Tab.2.

TEU container ship
Principal dimension Prototype ship
Length overall/m 376
Length waterline /m 357
Breadth /m 46.9
Depth /m 33.9
Draft /m 15.4
Displacement /t 120 721.2

Tab.2 Calculated work conditions

ID Forward speed U/ kn Wave height H /m ML Heading angle B /°
R-1 6
9
R-TI 10
R-TIT 6
18 1.0 0
R-1V 10
R-V 24 3
R-VI 30

Significant wave height

ID Forward speed U/ kn

Spectral peak )
Heading angle B /°

H, /m period T, /s
IR-1 10 6
IR-11 10 10
IR-1II 14 6 9.5 0
IR-TV 14 10

3.1.1 Numerical simulation verification

In this work, the past motion records are taken as input data and the target motions in the fu-

ture are taken as output data, there is a time difference between the past motions and target mo-

tions. The time difference is the predictable time scale that can be obtained from the model. In this

sub—section, the predictable time scale is taken as 10 s. Numerical simulation verification in regu-
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lar waves is presented in Figs.4-5. The error quantification study is presented in Tab.3. The calcu-
lation effect is reflected by the goodness of fit (R?) and loss function (Loss). The goodness of fit can

be written as:

; (23)
(= 7)

where, y, denotes the actual value, 7, denotes the prediction value, and Y denotes the mean value.

M-

The closer the value of R” is to 1, the better the fitting degree is.

Tab.3 Goodness of fit and loss function for numerical verification

R? Loss
Case ID
Heave Pitch Heave Pitch
R-1 0.9598 0.9477 1.85x10™ 1.96x10™
R-II 0.9346 0.9312 3.65x10™ 3.89x10™
R-111 0.9276 0.9221 5.84x107* 5.15x10™
R-1V 0.9121 0.9021 6.65x10™ 6.79x10™

Taking the Fig.4(a) as an example, the data time series consists of two parts: pre—input data

and comparative data. The pre—input data represent the original input data required for the opera-
tion of motion prediction model, which come from verification data that are obtained by the software

COMPASS-WALCS-NL. The span of verification data time series should be the sum of the predic-

tion data time series and the pre—input data time series. In this sub—section, the ratio of pre—input
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Fig.4 Numerical simulation verification for heave motions
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data volume to prediction data volume is 30:1, that is, one target output value can be obtained by 30
pre—input values. And then the time axis continues to move forward until the whole prediction oper-
ation is completed.

In addition, it is found from Figs.4=5 that the overall tendencies of the prediction results show
good agreement with the experimental results in regular waves. The same tendency can be also
found in Tab.3. As shown in Tab.3, all the values of R* are larger than 0.9, which means that the
proposed method can capture the characteristics of the ship motion responses corresponding to dif-
ferent wave heights, wave frequencies and forward speeds. Furthermore, the calculating accuracy
(R?) of the method decreases as the wave height and forward speed increase. This indicates that as
the sea state increases, the complexity of the model also needs to increase, and related training vol-

ume and training parameters also need to be adjusted.
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Fig.5 Numerical simulation verification for pitch motions
3.1.2 Towing tank test verification
In addition to the numerical simulation verification, physical test verification is necessary. R—V
and R—VI are chosen for the validation of method. The time—domain heave and pitch motions are ob-

tained and compared with the available experimental results™

. The error quantification study for
head wave case is presented in Tab.4. As can be seen from Fig.6, the predicted results are also in
good agreement with the experimental data. Moreover, there are subtle differences at the peaks of mo-
tion, as shown in Fig.6. Due to the nonlinearity, the sagging values are larger than the hogging val-
ues. The value of R® obtained based on towing tank tests is lower compared to that in the numerical
simulation validation, since the experimental results are disturbed by systematic error. Therefore,

the proposed framework can be used in the subsequent simulation of ship motions in irregular waves.
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Tab.4 Goodness of fit and loss function for test verification

R Loss
Case ID
Heave Pitch Heave Pitch
R-V 0.860 0.898 7.84x107* 6.95x10™
R-VI 0.841 0.863 8.01x10™ 7.02x10™
25 0.05
20 ——Prediction W.ues = Test values 004 == Prediction \alues == Test values
15 A 003 A\ N N\ N N
0 AN A AT S AV
g SN \ A / | W A W AL W |
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Fig.6 Test verification of ship motions in regular waves
3.2 Data presentation in irregular waves

As concluded from Section 3.1, the prediction model presented in this study effectively meets
the precision requirements for regular head waves. However, as actual sea conditions typically in-
volve irregular sea states, the rapid and precise real-time prediction of ship motions for the upcom-
ing seconds in irregular waves holds significant practical importance in the field of ocean engineer-
ing. As discussed above, the irregular wave excitation may be regarded as a superposition of a finite
number of regular waves at every instant time. For irregular waves, how to study the impact of differ-
ent wave frequency components on the motion responses is still the key issue and challenge for high
accuracy prediction of ship motion. Thus, the wave memory effect needs to be considered.

For various specialized maritime operations, the required time scales are contingent on the spe-
cific nature of these operations. For instance, ship—borne helicopter landings necessitate a predict-
able time scale of 10 seconds, while risk avoidance during ship navigation in waves demands a 30—
second time scale. Consequently, the predictable time scales of 10, 30, and 60 seconds for the
multi—time scale real-time predictions of ship motions in irregular waves are chosen. To ensure
high accuracy in irregular wave conditions, the ratio of pre—input data volume to prediction data vol-

ume is set at 45:1.
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The time histories of ship motions are depicted in Fig.7, and the error quantification study is
detailed in Tab.5. As evidenced by both Fig.7 and Tab.5, prediction accuracy for the three time—
scales in irregular waves is notably lower compared to that in regular waves. The decrease in accura-
cy is not limited to overestimations or underestimations of peak values. It also manifests as frequen-

cy dislocations in time series, a departure from the predictability observed in regular wave condi-

tions.
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Fig.7 Multi-time scale real-time prediction of ship motions in irregular waves

Tab.5 Goodness of fit and loss function for the condition of irregular waves

Predictable time R Loss
Case ID
scale Heave Pitch Heave Pitch
10s 0.9315 0.9121 6.95x10™ 7.09x10™
IR-1 30s 0.8894 0.9071 7.75%x107* 7.67x10™

60 s 0.8211 0.8318 8.35x10™ 8.25x10™*
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Tab.5 (Continued)

Predictable time R Loss
Case ID
scale Heave Pitch Heave Pitch
10s 0.8935 0.8911 7.65x107™ 7.29%107
IR-II 30s 0.8084 0.8101 8.05x10™ 8.17x10™
60 s 0.7241 0.7388 8.95x10™* 8.88x10™*
10s 0.8375 0.8571 7.85x107™ 7.79x10™
IR-111 30s 0.7984 0.7801 8.55x10™ 8.57x10™
60 s 0.7041 0.7088 9.17x10™ 9.05x10™
10 s 0.7715 0.7957 8.15x10™ 8.20x10™
IR-1V 30s 0.7064 0.7060 8.95x10™ 8.87x10™
60 s 0.6741 0.6918 9.87x10™ 9.75%10™

4 Concluding remarks

The main highlight of the paper is to propose a framework that can achieve the real-time pre-
diction of ship motions by adopting the LSTM neural network model. Firstly, the basic concepts and
training parameters of the LSTM model were introduced. The proposed extreme short time predic-
tion framework for ship motions was a numerical model to realize the numerical prediction of ship
motions at the target time based on the known ship motions.

Secondly, combined with the proposed framework in this paper, numerical simulation verifica-
tion and towing tank test verification studies were carried out, proving that the proposed framework
is feasible in simulating nonlinear ship motions.

Finally, the multi—time scale real-time prediction of ship motions in irregular head waves was
carried out. The results show that the overall tendencies of the prediction results show good agree-
ment with the numerical verification results. Besides, the prediction accuracy decreases significant-
ly as the predictable time scale increases. The decrease in accuracy is not only reflected in the over-
estimation or underestimate of peak value, but also in the frequency dislocation of time series.

It is worth mentioning that the study of extreme short—term prediction of nonlinear ship mo-
tions in the head irregular waves has been finished. All of these may lay a solid basis for further
studies of ship motion prediction in fully random seas (random wave directions, random wave ampli-
tudes and random wave frequencies), and more nonlinear factors will be considered in the future,

such as green water.
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