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Abstract: The intense motion of a ship can greatly impacts the comfort of crew members and the safety of the
vessel. Therefore, accurately estimating and predicting ship attitudes has become an important issue. This
paper introduces the latest development in functional deep learning model called DeepOnet. It takes wave
height as input and ship motion as output, using a cause-to-result prediction approach. The modeling data
used in this study is sourced from publicly available experimental data from the Iowa Institute of Hydraulic
Research. Firstly, parameters system tuning was conducted for the neural network’s hyperparameters to
determine the appropriate combination of parameters. Secondly, the DeepOnet model for wave height and
multi-degree-of-freedom motion was established, and the influence of increasing time steps on prediction
accuracy was examined. Finally, a comparison was made between the DeepOnet model and the classical time
series model LSTM. It was found that the DeepOnet model had a 10-fold improvement in accuracy for roll and
heave attitudes. Moreover, as the forecast duration increased, the advantage of DeepOnet showed a trend of
strengthening. As a functional prediction model, DeepOnet provides a new promising tool for very short-term
prediction of ship motion.

Keywords: DeepOnet; very short-term prediction; hyperparameters tuning; functional prediction model;
LSTM

1. Introduction

When ships sailing at sea, they are influenced by uncertain factors such as wind, waves, and
currents, which result in highly complex nonlinear motions in all six degrees of freedom. These
motions are interrelated and collectively impact the ship, leading to a constantly irregular motion
pattern. Thus, accurate prediction of a ship’s motion and attitude plays a crucial role in improving
maritime safety through effective motion compensation. Currently, the very short-term prediction of
ship motion and attitude is mainly carried out using data-driven modeling methods.

The data-driven modeling methods include the Kalman filtering method [1-4], the
autoregressive model-based method [5], spectral estimation method [6], support vector machine [7],
grey theory [8], and chaotic analysis methods [9]. These methods can forecast the time history curves
of very short-term ship movements. In recent years, with the rise of machine learning, an increasing
number of scholars have utilized artificial neural networks for the very short-term prediction of ship
movements [10,11]. Liu Wanting [12] employed Kalman filtering, radial basis neural networks, and
Elman neural networks to forecast ship heaving motions, and the results indicated that the Elman
neural network achieved better prediction accuracy. Li et al. [13] used error backpropagation (BP)
neural networks to forecast ship roll motions and compared them with autoregressive moving
average methods, demonstrating that BP neural networks had superior prediction accuracy.
Guodong Wang [14] conducted predictive analysis of actual ship roll and pitch motion data using
autoregressive models, traditional recurrent neural network models, and Long Short-Term Memory
(LSTM) neural network models. The results showed that the LSTM neural network exhibited better
prediction accuracy. Compared to traditional time series forecasting methods, artificial neural
networks, due to their arbitrary non-linear approximation and self-learning capabilities, demonstrate
significant advantages.

© 2024 by the author(s). Distributed under a Creative Commons CC BY license.
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Ni Chenhua et al. [15] applied LSTM to predict wave heights under polar conditions. Y. Zhao et
al. [16,17] employed the LSTM neural network method for forecasting abnormal waves, effectively
predicting sudden events hidden in ordinary wave sequences with good accuracy and efficiency. Yue
Liu et al. [18]designed a deep learning wave prediction (Deep-WP) model based on a “probability”
strategy for short-term forecasting of random waves. The Deep-WP model utilizes Long Short-Term
Memory (LSTM) units to gather relevant information from the wave height time series. This model
demonstrates the capability for real-time prediction of nonlinear random waves. Sun Qian et al.
[19]proposed a ship motion attitude mixed prediction model based on LSTM and Gaussian Process
Regression (GPR). In handling nonlinear regression problems, the LSTM model can achieve high-
precision point predictions, while the lower-precision GPR model can provide interval predictions
with probabilistic significance. The accuracy of various neural network models for prediction theory
and algorithms is correlated with sea conditions and degrees of freedom. In the application of
artificial neural networks for ship motion prediction, most scholars built their modeling on the ship’s
own oscillation duration data, and there are few reports on ship motion duration prediction based
on wave height duration data. Chongyang Han et al. [20] proposes a ship motion prediction method
based on a variable step-variable sampling frequency characteristic LSTM (Long Short-Term
Memory) neural network. Ling Liu et al. [21] employed machine learning techniques based on the
reservoir computing (RC) model to predict the surge, sway, heave, roll, pitch, and yaw of the
KVLCC2 ship in an irregular wave environment. The trained RC model can forecast the 6 degrees of
freedom motion, providing predictions for the next 2-5 wave periods with good accuracy.Xianrui
Hou et al. [22] used Convolutional Neural Networks (CNN) to predict the roll motion of ships in
waves. The research results show that CNN achieves the same prediction accuracy for ship roll
motion as LSTM.

Wenhai Yi and Zhiliang Gao et al. [23] improved the prediction accuracy of LSTM models based
on wave height data input under sea states 4 and 5, especially with a significant improvement in
prediction accuracy under sea state 5, resulting in a reduction of over 40% in root mean square error
and maximum absolute error. Models based on wave height input data overall perform better than
models based on historical roll data input. Ferrandis et al. [24] used random wave height data as
input to predict ship roll, pitch, and heave in extreme sea state. The authors conclude that this
functional prediction model would constitute a potentially powerful predictive tool to avoid
associated hazards encountered in these situations.

Deep Operator Networks (DeepOnet), known as a functional neural network method, was
proposed by the research group of Professor Karniadakis from the Applied Mathematics Department
at Brown University in 2021 [25]. To the best of our knowledge, this paper is the first to apply
DeepOnet model for predicting ship motion attitude of the extreme short-term.

The rest of the paper is organized as follows. The DeepOnet algorithm and training process,
along with the data source. i.e., the experimental data from Iowa Institute of Hydraulic Research of
Iowa University are introduced in Section 2. Results and discussion are presented to demonstrate its
effectiveness and higher precision compared with the LSTM model in Section 3. Finally, a summary
is concluded in Section 4.

2. DeepOnet Algorithm and Modeling

Principle of Operator Approximation: Assuming that o is a continuous non-polynomial
function, X is a Banach space, K;and K, are two closed sets with K; € X,K, € R, V is a closed set in
C(K;), and G is a nonlinear continuous operator that maps V to C(K,). For any & > 0, there exist
positive integers n,p,m,constants cf, &, 6f, {, ER, wy €RY, x;€K,, i=1,..,nk=1,..,p,j =
1, ...,m such that

P n m
G - ) Y ca| Y ehuly) + 68 |otwe-y+50| <e M
L4\ 4

holds. Wherein:
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Formula (1) can be represented by Figure 1. The network takes G as the operator for the input
function u, so G(u) becomes the output function. For any y in the domain of the output function G(u),
the output G(u)(y) is the true value. Therefore, DeepONet consists of two parts—u and y.

u(xy)
]
(@)

G(u)(y)

Y ——| Trunk net [

¢ 0vlld &®

Figure 1. DeepOnet Network Structure [25].

The structure of neural network models consists of input layers, hidden layers, and output
layers. Despite having multiple hidden layers, the overall structure can still be considered as a
network. The DeepOnet divides the entire hidden layer into two sub-networks—branch net and
trunk net. The branch net is used to extract the potential patterns of the input function, while the
trunk net is used to extract the potential patterns of the input data. The potential patterns extracted
by these two sub-networks are combined through dot product.
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During the training process, the sample points are discretized as the input function, and their
discrete forms, along with the corresponding y in the domain of the output function G(u), are
simultaneously input into the network. The network utilizes two distinct sub-networks to
independently train their respective parameters. Subsequently, the values output by the sub-
networks are compared with the ground truth, and the error is calculated. Finally, the entire set of
weights is updated using the backpropagation method, thereby determining the parameters for each
network to fit the operator. The training procedure of the DeepOnet model is outlined in Table 1.

Table 1. DeepOnet Model Training Process.

Algorithm process: DeepOnet network

Input:

Window sliding is used to process the training set D1 and the test set D2. Hyperparameters are defined,
including the number of layers and neurons in the two sub-networks (branch hidden layer and trunk hidden
layer), the number of iterations, activation functions, learning rate, and loss function.

Process:
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1: Network initialization: Construct a list for hidden layers and initialize model parameters such as weights
and biases.
2: Repeat;
3: For all D1;
4: Calculate the output y_branch based on the current weight parameters and the data passed into the branch
network.
5: Calculate the output y_trunk based on the current weight parameters and the data passed into the trunk
network.
6: Perform Einstein summation on the y_branch and y_trunk values in matrix form to obtain G(u)(y).
7: Calculate the gradient term of the output layer neurons.
8: Calculate the gradient term of the hidden layer neurons.
9: Calculate and update the connection weights.
10: End for.
11: Until the stopping condition is met.
Output: The network model with the model parameters.

The ship motion data in regular waves under head seas are derived from ship model
experiments conducted in the Iowa Institute of Hydraulic Research wave basin [26]. The experiments
utilized a ship model based on the DTMB5415 prototype, scaled down to 1/46.6 proportions, known
as the DTMB5512 ship model. The experimental schematic diagram and ship model parameters are
illustrated in Figure 2 and Table 2.

Ship coordinate
systom )

\ g

Model 5512
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Figure 2. Explanation of the IIHR laboratory’s lifting and pitching experimental setup and reference
coordinate system [26].

Table 2. Main dimensions of DTMB 5512 ship model.

Parameter unit ship model 5512 full ship size
Scale ratio - 46.6 1
Ship length (Lpp) m 3.048 142.04
Beam (B) m 0.405 18.87
Draft(T) m 0.132 6.15
Block coefficient (Cs) -- 0.506 0.506

The experiment conducted was a regular wave test, involving four different ship speeds. Each
speed maintained a constant wave steepness, and the wave incidence angle (Ak) was kept unchanged
by controlling the heading angle. The experiment focused on varying the wave height and
wavelength while keeping the same ship speed and wave steepness, aiming to further investigate the
ship motion under different combinations of wave lengths and heights. Table 3 presents the
experimental conditions corresponding to Froude number of 0.28, a wave incidence angle of 0.025,
and the associated ship model parameters.

Table 3. Setting of regular wave parameters for given speed and wave inclination angle.

Fr Uc(m/s) H/A=1/126 AK H(mm)
1 0.28 1.531 1/126 0.025 5.6
2 0.28 1.531 1/126 0.025 7.0
3 0.28 1.531 1/126 0.025 8.2
4 0.28 1.531 1/126 0.025 10.2
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Taking the first working condition as an example, the experiment recorded the ship’s motion
data under four wave conditions, each lasting 20 seconds, with a time interval At = 0.0125s,
resulting in a total of 1600 sample data points. The transverse rolling, pitch, and heave motion curves
of the ship model in head waves are shown in Figure 3.
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Figure 3. The motion time series curve of the ship model under the first working condition, from top

to bottom, is in order of roll, pitch, and heave.

3. Results and Analysis
3.1. Hyperparameters Tuning for DeepOnet and LSTM Models

In the modeling process, it is essential to tune the hyperparameters of the network model, which
can be categorized into five types: network layers and neuron count, training and testing set partition
ratio, activation function selection, loss function, and optimizer function.

In this subsection, the experimental data for roll motion under wave height H of 5.6mm in the
ship model experiments were used, comprising 1600 sample points. A 20-second dataset of ship roll
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motion was employed to discuss the hyperparameters of the DeepOnet and LSTM models. To
enhance the persuasiveness of the experimental results, parameters other than the hyperparameters
under discussion were set as default: training set ratio of 70%, 5 layers and 80 neurons for both the
trunk and branch networks of the DeepOnet model, and 3 layers and 100 neurons for the LSTM
model. Other shared parameters between the two models were set to the same values: optimizer as
Adam, loss function as MSE, and batch size as 32.

If a neural network does not impose restrictions on the number of layers and neurons, it can
approximate any non-linear function. However, stacking too many layers and increasing the number
of neurons will consume significant computational resources. If the features of a model are not overly
complex, setting too many layers and neurons is not economical. The roll motion predictions were
conducted by varying the network layers of DeepOnet and LSTM to 3, 5, and 7, and the neuron count
to 80, 100, and 120. The prediction results are presented in Table 4.

Table 4. The MSE results of roll motion prediction based on the number of network layers and

neurons.

80 100 120

DeepOnet LSTM DeepOnet LSTM DeepOnet LSTM

1.526e-5 7.993e-5 9.166e-6 8.803e-5 1.605e-5 1.398e-4
1.768e-5 1.049e-4 8.258e-6 1.044e-4 1.605e-5 1.261e-4
7 1.517e-5 1.463e-4 9.660e-6 1.277e-4 6.431e-6 1.280e-4

Figure 4a,b depict the prediction results of the LSTM model and the DeepOnet model with 80
neurons under different numbers of layers. It is evident that the prediction performance of the two
models is nearly identical when the number of layers is the same under the condition of the same
number of neurons.
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Figure 4. Comparison of roll motion prediction effects of different network layers and neurons.

As shown in Table 4, the mean square errors of the testing sets for both models can reach the
magnitude of 10-4 or below. Regarding the number of network layers, it can be observed that a higher
number of layers does not necessarily result in better predictive capabilities. This is due to the risk of
overfitting the function to the training data, leading to a decrease in the model’s generalization ability
when faced with new datasets. Regarding the number of neurons, it is observed that, like the network
layers, more neurons do not necessarily yield better results, and fewer neurons do not imply worse
results. The model exhibits better performance when configured with 5 layers and 100 neurons.

As a data-driven approach, it is evident that the size of the training set will influence the
predictive results of both network models. Experiments were conducted using the DeepOnet model
and the LSTM model to investigate the impact of the training set percentage on the ship roll
prediction. The experiments involved varying the training set size for both the DeepOnet and LSTM
models to 60%, 70%, and 80%. The prediction results are presented in Table 5.

Table 5. MSE results of roll motion prediction for different training set sizes.

Training set DeepOnet LSTM
percentage MSE RMSE MSE RMSE
60% 2.061e-5 4.5398e-3 1.731e-4 1.3157e-2
70% 1.768e-5 4.2048e-3 8.803e-5 9.3820e-2
80% 1.329e-5 3.6456e-3 5.243e-5 7.2410e-3

To comprehensively analyze the predictive capabilities of the two models under different
dataset partitions, the following section will take the dataset with the smallest prediction ratio as the
baseline. Specifically, the comparison will be based on the data quantity where the testing set
comprises 80% of the total data. The predictive results are presented in Figure 5.
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Figure 5. Prediction results for different training sets.

For a more intuitive representation of the impact of different training set sizes on predictive
performance, the Mean Square Error (MSE) in Table 5 is converted into Root Mean Square Error
(RMSE). It can be observed that as the training set increases, the predictive error decreases. In the
results predicted by the DeepOnet model, the forecast error for the 80% training set is reduced by
24.5% compared to the 60% training set. Similarly, in the results predicted by the LSTM model, the
forecast error for the 80% training set is reduced by 42.7% compared to the 60% training set. This
implies that a larger training set allows the model to learn more features, leading to better predictive
performance on the testing set.

The motion of ships in the actual ocean exhibits highly pronounced nonlinearity. Therefore,
determining which activation function can endow the network model with more potent nonlinear
fitting capabilities is particularly crucial. Commonly used activation functions include the hyperbolic
tangent function (tanh), the sigmoid function, and the rectified linear unit (ReLU) function. Their
specific schematic diagrams are depicted in Figure 6.

Tanh Sigmoid

1= {“‘é“o =0 £(x) = tanh(x) (9=

Figure 6. Typical activation function image.

The sigmoid function shown in Figure 6 has an output range of 0 to 1. Consequently, it
normalizes the output for each neuron, making it more suitable for models where probability is used
as the output. The tanh function, a hyperbolic tangent function, exhibits a similar graph to the
sigmoid function but with an output range between [-1, 1]. It provides a smoother and smaller
gradient, addressing the slow convergence issue compared to the sigmoid function. The ReLU
activation function is a piecewise function. When x is greater than 0, it linearly outputs the value;
when x is less than 0, the output is zero. Therefore, this activation function is suitable for certain
classification problems. Based on the distinctive characteristics of each activation function, all three
are employed in the LSTM and DeepOnet models. Under these activation functions, predictions are

made for different ship roll, pitch, and heave motions. The prediction results are summarized in Table
6.
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Table 6. Comparison of MSE prediction results with different activation functions.
MSE Sigmoid Tanh ReLu
DeepOnet LSTM DeepOnet LSTM DeepOnet LSTM
Roll prediction 8.64e-6 1.15e-4 8.25e-6 7.92e-5 - 4.69e-3
Pitch prediction 7.77e-4 1.19e-4 8.77e-6 6.52e-5 - 2.43e-4
H
e 571e3  128e2 7933 7.33e3 : 121e-2
prediction

Table 6 presents the test set loss values for different activation functions in the prediction results.
The term “Error” indicates that, under the same network structure, changing the activation function
to the ReLU function alone renders the entire network unable to learn the feature vectors of roll, pitch,
and heave motions. The network fails to train, and even after multiple adjustments to other
hyperparameters, it remains ineffective for prediction, producing constant values for all predictions.
This issue arises from the inherent structure of the ReLU function, where the derivative is zero for
values less than zero, leading to neuron death—certain neurons outputting zero. In contrast, the
LSTM network can make predictions because, before prediction, the data undergo normalization,
constraining all values to the range [0, 1].

From the comparative results in Figure 7a,b and Table 6, it is evident that there are significant
differences in the predictive performance under different activation functions. The tanh activation
function consistently exhibits better predictive performance relative to other activation functions
across all prediction experiments. In contrast, the performance of the sigmoid activation function
varies widely and is highly unstable, especially when dealing with complex data situations such as
the heave motion in this experiment. This instability is attributed to the vanishing gradient problem
that the sigmoid activation function is prone to during the propagation process in deep networks.
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Figure 7. Prediction results of different activation functions on pitch and heave motion.
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The most used loss functions in regression problems are Mean Squared Error (MSE) and Mean
Absolute Error (MAE). The MSE function has a smooth, continuous, and everywhere-differentiable
curve, facilitating the gradient descent algorithm. Moreover, as the error decreases, the gradient also
decreases, aiding in the rapid convergence of the model. However, when the difference between the
true value and the predicted value is greater than 1, the square calculation amplifies the error, making
it sensitive to outliers. In comparison to MSE, the advantage of MAE lies in its insensitivity to outliers,
stable gradients, and a reduced risk of gradient explosion. Nevertheless, its main drawback is that
when the predicted value equals the true value or approaches it infinitely, the function becomes non-
differentiable, and gradients are mostly equal, hindering convergence and model training.

MAE and MSE loss functions are utilized to predict roll, pitch, and heave motions for both
DeepONet and LSTM. The experimental results are summarized in Table 7.

Table 7. Forecast MSE and MAE Results for Different Loss Functions.

Roll Pitch Heave
DeepOnet LSTM DeepOnet LSTM DeepOnet LSTM
MSE 8.25e-6 7.92e-5 8.77e-6 6.52e-5 7.93e-3 7.331e-3
MAE 3.29e-3 5.76e-3 2.61e-3 6.18e-3 1.44e-1 7.902e-3

Figure 8 illustrates that both Mean Squared Error (MSE) and Mean Absolute Error (MAE) exhibit
favorable predictive performance, with MSE showing better performance in detail. Simultaneously,
observing the prediction results of the two models for heave motion reveals that MSE performs better
when facing predictive problems with weak periodic regularity and numerous outliers. The same
conclusion can be drawn from Table 7. The reason behind this outcome is that the Mean Absolute
Error loss function is more sensitive to outliers, while the Mean Squared Error loss function places
greater emphasis on overall smoothness.
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Figure 8. Forecast results of roll, pitch, and heave motion using different loss functions.

Optimizers are algorithms, such as the gradient descent algorithm, used to compute the optimal
values of parameters, including network weights and biases, during the training process of neural
networks. Essentially, the goal is to find the solution to mathematical optimization problems by
seeking the optimal parameter values among all possible combinations, often represented as the

extremum in the function’s graph.

This study discusses two optimizers: Adaptive Moment Estimation (Adam) and Stochastic

Gradient Descent (SGD). Adam combines first-moment estima

tion (mean of gradients) and second-
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moment estimation (uncentered variance of gradients) to calculate the update step size. It possesses
advantages such as simplicity, computational efficiency, low memory requirements, insensitivity to
gradient scaling transformations, the ability to limit the update step size within a reasonable range
(initial learning rate), suitability for large-scale data and parameter scenarios, and applicability to
unstable target functions.

On the other hand, SGD, a core optimization algorithm in various scientific and engineering
fields, minimizes the mathematical problem of minimizing the objective function. While SGD has low
requirements for gradients and fast gradient computation, it tends to fall into local minima. To
address this limitation, SGD often needs to be combined with other algorithms to achieve better
optimization results. Additionally, in situations with high data noise, the weight update direction
may not always be correct.

Adam and SGD are separately applied to predict roll, pitch, and heave motions for DeepONet
and LSTM. The experimental results are presented in Table 8.

Table 8. Comparison of Forecast MSE Results for Different Optimizers.

Roll Pitch Heave
DeepOnet LSTM DeepOnet LSTM DeepOnet LSTM
Adam 8.25e-6 7.92e-5 8.77e-6 6.52e-5 7.93e-3 7.33e-3
SGD 1.32e-3 1.44e-3 2.58e-4 3.08e-4 7.29e-1 3.14e-2

From Figure 9, it is evident that the predictive performance of the Adam optimizer is
significantly superior to that of the SGD optimizer. On average, the predictive performance of the
Adam optimizer is 2-3 orders of magnitude higher than that of the SGD optimizer.
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(a) DeepOnet model forecast results
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(b) LSTM model forecast results

Figure 9. Prediction results of pitch motion using different optimizers.

3.2. Multi-Steps Prediction by DeepOnet and LSTM Models

Following the hyperparameter optimization in Section 3.1, the branch sub-network of the
DeepOnet network has 7 layers with 100 neurons, and the trunk sub-network also has 7 layers with
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100 neurons. The input for the branch sub-network is a history of 80 wave height data points, and for
the trunk sub-network, it is a history of 20 degrees of freedom data points. Other network parameters
include: activation function as tanh, iteration times as 10,000 steps, optimizer as Adam with a learning
rate of 0.001, and loss function as MSE. After normalizing the data, it is input into the DeepOnet
network for training and testing set forecasting. The prediction errors are shown in Table 9, and the
prediction curves for a prediction step of 20 are depicted in Figure 10.
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Figure 10. Comparison between the 20 step forecast results and the actual values of the DeepOnet
model.

Table 9. DeepOnet Multi step Forecast MSE Error Results.

Prediction step size Roll Pitch Heave
1 3.472e-5 3.830e-4 8.680e-3
5 2.258e-5 1.893e-4 1.845e-2

10 2.083e-5 1.545e-4 1.822e-2




Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 8 March 2024 d0i:10.20944/preprints202403.0493.v1

14

15 2.009e-5 1.459e-4 1.871e-2
20 2.022e-5 1.579e-3 1.889e-2

The results demonstrate that DeepOnet proficiently predicts and fits the three degrees of
freedom motion of a ship. The distinctive feature of this neural network lies in the convolution of
results separately computed by the branch and trunk networks, facilitating the learning of operator
functions between data. As depicted in Figure 10, the entire fitted points closely approximate the
original values, underscoring that DeepOnet effectively learns the operator functions between waves
and each degree of freedom motion.

Based on the trial calculations of hyperparameters in section 3.1, the dataset is divided into a
70% training set and a 30% test set. The LSTM network parameters are as follows: the network has 5
layers of hidden neurons, each layer containing 100 neurons. The length of the input vector is 80, with
the activation function being tanh, the loss function is Mean Squared Error (MSE), the number of
iterations is set to 500, the optimizer chosen is Adam, and the learning rate is 0.001. Table 10 shows
the relationship between degrees of freedom errors and forecast lead times. Figure 11 compares the
forecast results with the true values when the forecast lead time is 20. From the figure, it can be
observed that LSTM can achieve multi-step prediction with excellent accuracy.
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(c) Comparison of 20 step prediction results for heave motion

Figure 11. Comparison between the 20 step forecast results and the actual values of the LSTM
model.

Table 10. LSTM Multi step Forecast MSE Error Results.

Prediction step size Roll Pitch Heave
5 5.395e-4 1.782e-4 1.133e-1
10 6.675e-4 2.185e-4 1.211e-1
15 7.509e-4 3.488e-4 1.501e-1
20 8.490e-4 4.452e-4 2.290e-1

Figure 11 represents the multi-degree-of-freedom coupled motion prediction with a forecast lead
time of 20 steps. As the forecast extends over multiple steps, the prediction performance deteriorates
due to the accumulation of errors. Additionally, since the network model simultaneously takes input
data from three degrees of freedom, it learns the motion characteristics of all three degrees
simultaneously. Consequently, the prediction accuracy for a specific degree of freedom may decrease,
but it remains above 85%.

To compare the accuracy of LSTM and DeepOnet under regular waves, we juxtapose Tables 9
and 10 for comparison, as shown in Table 11. It is evident that the prediction error of the DeepOnet
model is significantly lower than that of the LSTM model. In the cases of roll and heave motion, the
MSE has decreased by more than 10 times.

Table 11. The MSE Comparison between DeepOnet and LSTM models.

Prediction = DeepOnet LSTM DeepOnet . DeepOnet LSTM
step size Roll Roll Pitch LSTM Pitch Heave Heave
5 2.258e-5 5.395e-4 1.893e-4 1.782e-4 1.845e-2 1.133e-1
10 2.083e-5 6.675e-4 1.545e-4 2.185e-4 1.822e-2 1.211e-1
15 2.009e-5 7.509e-4 1.459¢-4 3.488e-4 1.871e-2 1.501e-1
20 2.022e-5 8.490e-4 1.579e-3 4.452e-4 1.88%-2 2.290e-1

4. Conclusion

Based on experimental data of the DTMB5415 model under regular waves, this study
successfully establishes a DeepOnet functional prediction model, achieving short-term ship motion
prediction from wave height. The performance of the model is compared in detail with the LSTM
model, leading to the following conclusions:

1)Similar to grid partitioning and turbulence models in CFD, hyperparameters determine the
scale and structure of the neural network, so it is necessary to tune the hyperparameters. In the
hyperparameters tuning stage, the DeepOnet model progresses better than the LSTM model.
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2)After hyperparameters tuning, DeepOnet and LSTM models are established separately. The
results show that in most cases, the DeepOnet model outperforms the LSTM model in terms of
accuracy, especially in roll and pitch attitudes, where the accuracy is ten times higher. As the forecast
duration increases, the accuracy of DeepOnet remains more stable.

This study is the first to apply the DeepOnet model for very short-term ship motion prediction,
and the DeepOnet functional prediction model is more suitable for wave height-motion pattern
prediction. In future research, we will consider additional factors such as irregular waves and oblique
waves.
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