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Abstract

Ship stiffened panels, typically flat plates reinforced with various types of stiffeners, form
a substantial part of a ship’s structure and are susceptible to resonance, especially in
areas such as the after peak structure, engine room, and accommodation compartments.
These vibrations are primarily excited by main engine and propeller forces. Conventional
methods such as finite element analysis (FEA) and plate theory are widely used to estimate
vibration frequencies, but they are time-consuming and computationally intensive when
applied to numerous stiffened panels. This study proposes a machine learning approach
using an artificial neural network (ANN) algorithm to efficiently predict the vibration
frequencies of ship stiffened panels. A crude oil tanker is chosen as the case study, and
FEA is conducted to generate the vibration frequency and mass data for panels across
critical regions. The input layer features for the ANN include panel area, thickness, number
and area of stiffeners, fluid density, number of fluid contact sides, and overall structural
stiffness. The ANN model predicts two outputs: the fundamental vibration frequency and
the mass of the panel structure. To evaluate the model performance, hyperparameters such
as the number of hidden neurons are optimized. The results indicate that the ANN achieves
accurate predictions while significantly reducing the time and resources required compared
with conventional methods. This approach offers a promising tool for accelerating the local
vibration analysis process in ship structural design.

Keywords: local vibration analysis prediction; artificial neural network (ANN); ship
stiffened panel structure; finite element analysis (FEA)

1. Introduction

Stiffened panels are one of the most common structural elements in all types of ships.
The stiffened panel has the crucial function of supporting ship structure, since it has
stiffeners, girders, brackets, and other supporting structural elements to resist various
load conditions, and maintaining the ship structural integrity. Stiffened panels are spread
into all regions of a ship, especially in crucial regions such as the after peak structure,
engine room, and accommodation compartments. These regions are known to experience
severe vibrational excitation due to main engine operations and propeller excitation forces,
which can lead to resonance, resulting in fatigue damage, reduced operational safety, and
increased maintenance demands.

The solution to mitigate such risk, commonly FEA or an analytical method based
on plate theory, needs to be performed to estimate the vibration frequency that happens
on the ship stiffened panel. Such solutions have been found to be accurate at estimating
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the vibration frequency. However, if there are a vast number of panels that need to be
analyzed, such methods can become computationally expensive, time consuming, and
labor intensive.

Recent developments in machine learning have introduced powerful alternatives to
conventional numerical and analytical approaches, particularly in engineering applications.
Machine learning models, when trained on diverse and high-quality datasets, have demon-
strated high accuracy and efficiency in predicting physical phenomena, including ship
resistance and structural performance [1]. Specifically, neural networks have shown strong
potential for approximating complex nonlinear relationships, reducing computational costs,
and maintaining high prediction accuracy once trained. ANNSs have proven effective in
various engineering scenarios. For instance, one study successfully applied deep neural
networks to predict power output from flow-induced vibration energy harvesters, achiev-
ing R? values exceeding 0.98. This highlighted the model’s strength in enabling rapid
and accurate performance evaluation across different system setups [2]. Another study
integrated FEA with machine learning to predict and optimize the strength of double-
strap adhesively bonded joints. Deep neural networks and genetic programming were
particularly effective, offering a balance between accuracy and computational efficiency [3].
However, model performance may depend heavily on dataset diversity and the quality
of training labels, a recurring limitation across data-driven approaches. In the domain of
structural dynamics, a radial basis function neural network outperformed other architec-
tures in predicting vortex-induced vibration damage in flexible cylinders. The study not
only showcased predictive power but also provided physical insights, such as the influence
of yaw angles on helical strake performance, challenging traditional assumptions like the
independence principle [4]. Similarly, in additive manufacturing, a combined ANN and
FEA model successfully predicted residual stress in directed metal deposition components,
achieving results comparable to traditional FEA while requiring only a fraction of the com-
putational time [5]. Machine learning also aids in fracture mechanics. A back propagation
neural network trained on FEA data accurately predicted the non-uniform J-integral in
welded plates, offering a fast alternative to time-consuming simulations with an R? value
exceeding 0.99 [6]. In the realm of subjective analysis, neural networks have outperformed
classical regression in predicting perceived loudness and annoyance levels of shipboard
noise, suggesting their suitability for human-centered design in marine environments [7].
Several recent studies emphasize the synergy between finite element methods and machine
learning. A finite element-informed neural network incorporated physics-based constraints
into the learning process, resulting in improved generalization and robustness, especially
with limited or noisy data [8]. Similarly, the deep finite element method integrates FEA and
deep learning to solve partial differential equations more efficiently than traditional FEA,
achieving up to 87.5% speed improvements [9]. A hybrid finite element-informed neural
network framework was also introduced to tackle boundary value problems, showing that
the use of first-order quadrilateral elements and transfer learning especially for material
and load conditions can significantly cut training costs up to 90% in some cases, while
preserving accuracy. However, limitations were noted in scale transfer effectiveness [10].
Yang et al. showed that machine learning can be combined with reliability analysis to
achieve faster computations without sacrificing precision [11]. Similarly, Zhou et al. demon-
strated that embedding physical laws into ANN models greatly improved the accuracy and
reliability of fatigue life predictions under irregular loading conditions [12]. In the field of
renewable energy, Meng et al. emphasized through their review of offshore wind turbine
gearboxes that ANN-based and other data-driven approaches are becoming indispensable
for improving reliability and managing uncertainty [13].
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Ban et al. [14] demonstrated the capability of deep neural networks in predicting the
ultimate strength of ship bottom structures, showing their potential in structural safety
assessment. Similar approaches have been applied to optimize ship hull design for reduced
wave resistance and emissions [15]. In other engineering fields, machine learning combined
with Bayesian optimization has improved tire design efficiency [16], while neural networks
have been used to predict added resistance of container ships in waves [17]. They have also
been applied to resistance and trim prediction in motorboats [18] and to assess structural
damage in submerged structures [19].

Despite the recent advancements in recent studies, the concept of the application of
ANN:Ss to vibration analysis focused on ship structural components is still unexplored.
Because of that this study addresses that gap by developing an ANN-based prediction
model designed for the local vibration analysis of ship stiffened panels. The model will be
trained using a dataset of FEA results that represents fundamental vibration frequencies
from various panel configurations. This study will focus on analyzing the panels that are
located after the peak structure, engine room, and accommodation compartments of a
crude oil tanker.

The main objective of this study is to develop an ANN-based predictive model for
estimating the fundamental vibration frequency and structural model mass with high
accuracy and computational efficiency. To achieve the objective, this study focuses on
developing a comprehensive dataset of panel configuration through FEA simulation, which
includes key structural parameters that correlated with or affected both vibration frequency
and structural model mass. Input layer features for the ANN model include panel area,
thickness, number and area of stiffeners, fluid density, number of fluid contact sides,
and overall structural stiffness. The ANN model predicts two outputs: the fundamental
vibration frequency and the mass of the stiffened panel. To evaluate the model performance,
hyperparameters such as the number of hidden neurons are optimized. The developed
ANN model is verified by an actual vibration analysis model from a case study. This
study proposes the development of a reliable and scalable prediction framework that
can be featured in the structural design and inspection workflow of ships. The proposed
ANN model is designed to provide rapid and precise vibration frequency prediction for
ship stiffened panels, allowing for the early detection of resonance concerns. This paper
comprises the following sections. Section 2 addresses the local vibration analysis of the
stiffened ship panel. Section 3 addresses the ANN model for the local vibration analysis
prediction and parameter setup. Section 4 addresses the ANN modeling results and its
validation from a case study. Section 5 presents the concluding remarks of this study.

2. Local Vibration Analysis of Ship Stiffened Panel
2.1. Local Vibration of Ship Structure

To ensure the health and safety of both crew members and passengers, and to prevent
the fatigue failure of ship structures caused by excessive vibration, international standards
and classification societies have continuously tightened the permissible vibration limits
for large passenger and cargo vessels [20-24]. In ship vibration, low-frequency vibrations
induced by the excitation forces of the main engine and propeller are closely related to
resonance phenomena involving the local structures of the hull [23]. Resonance occurs
when the excitation frequency of rotating machinery coincides with the natural frequency
of the receiving structure. If appropriate resonance avoidance measures are not imple-
mented, structural fatigue failure may result. In particular, excessive vibration at structural
panels located near bulkheads or at the boundaries of tanks can be a significant source of
structural damage.
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Figure 1 illustrates the key factors influencing ship vibration. By modifying some of
the elements presented in Figure 1, the adverse effects of vibration on the crew, passengers,
ship structure, and onboard outfitting can be minimized.
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Figure 1. Key factors influencing ship vibration.

Among various mitigation strategies for ship vibration, reducing local structural vibra-
tion is most effectively achieved by controlling the frequency ratio through the appropriate
consideration of structural stiffness and mass during the design stage [25]. The frequency
ratio is defined as the ratio of the excitation frequency to the natural frequency of the
structure. Resonance occurs when this ratio equals 1.0, which must be strictly avoided. The
frequency ratio can be adjusted either by altering the excitation frequency or by changing
the structural natural frequency. In practice, the most common and effective method to
avoid local structural resonance is to modify the stiffness or mass of the structure. Increas-
ing stiffness, in particular, is a widely preferred technique to shift the natural frequency of
local vibrations.

The natural frequency of ship stiffened panels can be evaluated using analytical
methods or FEA simulation. Such evaluations must account for both the outfitting mass
attached to the stiffened panel and the added mass effect of the surrounding fluid. To avoid
resonance, the stiffened panel can be reinforced by increasing the plate thickness or the
number of stiffeners to raise its stiffness.

Vibration mitigation measures should be incorporated from the earliest design phase,
especially during the concept design stage, where cost-effective solutions can be most
efficiently implemented. At this stage, the expertise and experience of engineers and
designers play a critical role. Employing simple yet effective tools for the early identification
of potential vibration issues is essential for the overall success of ship design [25]. Moreover,
advanced machine learning techniques, such as ANN, may offer promising alternatives to
support or even partially replace expert judgment during early-stage vibration assessments.

2.2. Local Vibration Analysis of Stiffened Panel

An ANN model will be trained using an FEA result dataset that represents the funda-
mental natural frequency from various stiffened panel configurations. This study will focus
on analyzing the stiffened panels that are located after the peak structure, engine room,
and accommodation compartments of a deadweight 157 K ton class crude oil tanker. Since
the neural network needs a sample dataset consisting of the value of natural frequency
and a variable value that affects the local vibration of a stiffened panel, a vibration analysis
using FEA simulation needs to be performed. The panels were modeled using Hypermesh
version 2022.3 [26] and were analyzed using the MSC Nastran solver version 2022.1 [27].
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The purpose of this local vibration analysis is to determine the natural frequency
of various stiffened panels located in different structural regions of the ship, as shown
in Table 1. Among the stiffened panels that are chosen in this study, some panels are
characterized as fluid tanks on the ship, which are significantly influenced by the dynamic
effect of the contained fluid; this can be a major reason for vibration resonance occurring
on that panel. The vibration analysis in this study covers a total of 156 stiffened panels
extracted from a crude oil tanker structure.

Table 1. Stiffened panel distribution.

Section Number of Panel
Engine Room 84
After Peak 40
Accommodation Room 32

Each stiffened panel demonstrates different structural behaviors and characteristics,
such as being welded to other panels, the variety of stiffener, and panel size. For that reason,
an appropriate boundary condition was defined and applied. All stiffened panels are
supported along their outer edges, representing the interface with surrounding structural
members such as girders or frames. In addition, lines with girders, brackets, and flat bars
within the panel surface were also considered as fixed constraints to reflect typical support
behavior in welded ship hull structures. The boundary condition applied to these edges
and lines consists of fully fixed translational constraints in the X, Y, and Z directions, as
shown in Figure 2.

Outer edge

Girder section/Bracket/flatbar

Boundary Condition: Tx, Ty, Tz

- el = - = ==

Figure 2. Boundary condition setup, boundary condition shown by red triangle in the stiffened panel.

The vibration of the ship hull structure interacts with fluid with distinct features due to
the effect of added mass, which is generated by the fluid pressure on the wetted sur-face of
the fluid tank. The added mass effect must be considered in the local vibration analysis of
stiffened panels inside the tank. The MSC Nastran solver facilitates vibration analysis with
added mass through the use of the MFLUID card [27]. This card requires the specifications
of the wetted surface region, the height of the fluid, and the fluid density. The type and
value of density is input based on MARPOL regulation [28], as shown in Table 2.
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Table 2. Types of fluid.

. Density
Fluid Type (Ton/mm?)
Fresh water 1.000 x 10~?
Sea water 1.025 x 1077
Urea 1.335 x 1077
Heavy fuel oil 9.910 x 10~1°
Low-sulfur marine gas oil 8.900 x 10~1°
System oil 9.200 x 10710
Cylinder oil 9.600 x 10710
Low base number cylinder oil 9.200 x 10710

After making sure the boundary condition and fluid condition are applied, the vi-
bration analysis can be performed, and the variable affecting the natural frequency and
structural model mass can be collected. Figure 3 presents representative results of the local
vibration analysis of stiffened panels in tanks located in the after peak and engine room
where the added mass effect must be considered. The vibration analysis result of a stiffened
panel located in the accommodation compartments is also shown in Figure 3.

Contour Plot Contour Plot Fundamental natural frequency: 14.9 Hz ~ Senteur Plot Fund tal natural fr 1246 H
s : Displacement(Ma < A% Mag) q y: 44.0 Hz
Displacement(Mag) Fundamental natural frequency: 16.6 Hz A“rll‘_m e e(m 2) O
Analysis system 0.205 2.032
0.435 I 0.188 I 1.863
I 0.399 o1 1694
0.362 | R 21524
2 0326 | | s - 1355
= 0.290 - K - 1186
— 0.254 '\ | | :::): = 1.016
=017 | e 0847
= 0181 R o068 = 0.677
= 0145 0.051 0.508
6105 oon 0.339
0.072 0017 0.169
0.036 0.000  40%equre
2 0.000 No Result Max = 2.032
HoResy Max = 0205 Node 8020907
Max = 0.435 Node 19223 Min = 0.000
Node 70670 Min = 0.000 Node 8019472
i_li:; :7?):21) Node 19036
Node D
(a) After peak (b) Engine room (c) Accommodation

Figure 3. Fundamental vibration mode contour results of stiffened panels.

In Figure 3, the stiffened panel in the after peak is installed in a freshwater tank, the
panel in the engine room corresponds to a heavy fuel oil storage tank, and the panel in
the accommodation compartment is located on the navigation deck. The fundamental
natural frequencies of the stiffened panels installed in the tanks appeared in a relatively
low frequency range due to the effect of added mass.

3. ANN Model Generation
3.1. Theoretical Background

An ANN is a form of machine learning algorithm that operates and processes in a
systematically similar way to the human brain, which is constructed out of interconnected
processing units known as neurons that are organized into layers. The most common
architecture of an ANN is an MLP model architecture with SL that consist of a feedforward
pass and a backpropagation pass, where a feedforward pass is where data flows in one
direction, from the input layer through one or more hidden layer to the output layer.
Neurons in the hidden layer and output layer perform a weighted and biased summation
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of the input variable and apply a nonlinear activation function in each layer. Mathematically,
the concept is shown in the formula as follows [29]:

E i)+ )

af "V = F(z") @)

In this step, the network will compute the output for a given input using weighted
connections and activation functions. The final output is compared to the true output using

a loss function. To calculate loss function, regression tasks need to be performed using
Mean Squared Error (MSE).

L=1y (y* - y<k))2 )

m3

The next step is backpropagation pass: in this step the network will compute the
gradients of the loss function with respect to each weight and bias in the network using the
chain rule. These gradients indicate how to adjust each parameter to reduce the loss. The
error at the output layer L is given by

oL
L_ 9L 4 (-(L)
5f = ol f (zj ) (4)

For hidden layers, the error is propagated backward recursively as follows:

ot =r(z") i; seth 5)

The gradients of the loss with respect to weights and biases are

JL L, (-1
oo® =t ©
oL 5L @)
bl
Ji
The parameters are updated using a gradient descent-based optimization rule
as follows:
wO — w — 7 oL
aw(@ (8)
b p) — oL
5@

where 7 is the learning rate, which is a hyperparameter that controls how much the
parameters are adjusted during each update. An illustration of the neural network model
is shown in Figure 4.

This study will apply an artificial neural network with an MLP model architecture
and SL algorithm; the output of this network will be the result of the vibration analysis
of natural frequency and structural model mass. Because of that, the input variable will
be correlated to the output variable; in this case the variable will be chosen based on the
natural frequency value calculated as follows:

1 |k
= 27'(\/; ®)
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Figure 4. Artificial neural network model.

Based on the above equation, seven input variables will be chosen such as panel
dimensions, plate thickness, stiffener number and area, fluid density, fluid interaction, and
model stiffness. The model stiffness was calculated using Equation (9) after obtaining the
fundamental normal mode frequency and mass through FEA in order to extract consistent
stiffness from the FEA model. The network will train the sample data based on the
variable obtained from FEA simulations, making it a computationally efficient surrogate
model for vibration prediction—the workflow of the neural network is shown in Figure 4.
The network learns to generalize the mapping from input to output, allowing for faster
predictions for novel panel combinations.

From the Figure 5 shown that the approach starts with the creation of the MLP
architecture, which consists of three main parts, which are the input layer, hidden layers,
and output layer. After the network is structured, it is simulated for training, with the
starting weights assigned and changed repeatedly. During the training phase, input data is
fed into the network, and the resulting output is generated. This output is compared to
the aimed target, and the error is propagated backward through the network through the
backpropagation process, which updates the weights. This cycle repeats until the output
reaches a predefined satisfaction criterion. This model will be applied using the Visual
Studio Code program version 1.99 [30] and trained using Python version 3.11.9 [31].

: Input Variable : i CONSTRUCT ARTIFICIAL :_ — _:
| - Area (mm?) ' NEURALNETWORK = INPUT LAYER |
| - Thickness (mm?) ' (ANN) ! v !
| - Number of Stiffener X _:) HIDDEN LAYER i
i - Area of Stiffener (mm?) ! L TTTTTTT T i |
i - Fluid Density (Ton.mm?®)! Updated \A;eltht i : T |
| - Fluid Interaction Side ! and Bias | . |
| - Model stiffes E o | OUTPUT LAYER |,
LS EETLE i I \—ooooo= [ epepp—— I
| Output Variable : : BACKPROPAGATION GENERATING
' - Natural Frequency (Hz) | (BP)NEURAL TRAINING OUPUT
- Model Mass (Ton) ! NETWORK

1

OUTPUT
SATISFIED?

TRAINED
RESULT

Figure 5. Neural network workflow. The red dotted box shown the main layer for the training network.
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3.2. ANN Model Setting

With respect to sample data distribution, 156 stiffened panels are successfully analyzed
using FEA simulation. The output variable resulted in a big variety of sample data, with
the natural frequency ranging from 7 Hz to 59 Hz and the structural model mass ranging
from 0.9 Ton to 17.2 Ton. These data samples were used in the training process, and 10% to
15% of the sample size was applied to the validation set. The input variable for each panel
is also very diverse because the characteristics of each panel are different; this means that
the network will have a chance to create high accuracy predictions [1].

In the context of data processing, before the sample dataset is inputted into a network
model, the dataset has to be scaled first to enhance learning efficiency and model stability.
The MinMaxScaler normalization function is applied to re-scale each feature to a fixed
range of [0, 1] based on the following formula:

X — Xmin

Xscaled = (10)

Xmax — Xmin

This method helps to improve the performance of the training and the training speed
of the network.

The model will be trained with four different training sets based on its panel location,
with one being a combination of all panels. The four training sets are as follows: entire
panel training set, engine room training set, after peak training set, and accommodation
room training set. Each training set will have different architecture models, including
different numbers of hidden layers, neurons, and hyperparameters. In this study, the
reason for proposing neural network models with four different training sets according
to the ship’s compartments is that, in the case of medium- and large-sized cargo vessels,
the hull form and structural configuration do not undergo significant changes when the
type of transported cargo is the same. Therefore, once the proposed neural network models
achieve a reasonable level of accuracy, the trained models can generally be applied to
predict the fundamental normal mode vibration of local panels installed in a deadweight
157 K ton class medium-sized crude oil tanker. In addition, since this study incorporated
all variables related to the mass and stiffness of the local panel that are required to calculate
the fundamental normal mode frequency into the input layer data for training the neural
network models, it can be considered that the trained models have secured a fundamental
level of rationality in predicting the output layer results depending on the characteristics of
the training set. The development of a more broadly generalized neural network model,
however, requires an extensive amount of training data covering a wide variety of ship
types. Hence, this study is expected to serve as a starting point for future research aimed at
establishing more generalized neural network models for predicting local panel vibrations
in ships.

The network starts with an input layer consisting of seven neurons that correspond
to the structural characteristics and vibrations, such as panel length, panel width, plate
thickness, number of stiffeners, stiffener area, fluid density, fluid interaction side, and
model stiffness. Each of these variables has a direct influence on the dynamic behavior
of the panel and is essential for accurate vibration prediction. For the hidden layer, this
study will train each training set with two to three hidden layers, and each hidden layer
will consist of 24 to 128 neurons based on its network characteristics and sample data size
in each network set. The model settings for each network training set is shown in Figure 6.
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Figure 6. Hidden layers and neuron settings.

The final output layer consists of two neurons representing the predicted natural
frequency and the structural model mass of each panel. Because both outputs are con-
tinuous numerical values, the linear activation function is used in the output layer; this
activation function allows the network to produce unrestricted real valued outputs suitable
for engineering predictions.

Each neuron in the hidden layers employs the Rectified Linear Unit (ReLU) activa-
tion function. This function introduces nonlinearity into the model while maintaining
computational simplicity. ReLU was selected due to its training efficiency and ability to
reduce the vanishing gradient problem, which may occur in deep networks. Since the
neural network learning model considered in this study is limited to predicting only the
fundamental normal mode frequency and mass of local panels in restricted hull structures,
the sensitivity to the choice of activation function is expected to be low. However, in future
studies on expanded learning models, it will be necessary to investigate the influence of
various activation functions such as Swish, Tanh, and so on.

To reduce the likelihood of overfitting, dropout layers are implemented after each
hidden layer. Dropout randomly disables a subset of neurons throughout each training
cycle, preventing the network from becoming excessively dependent on specific network
paths. This study adopts a dropout rate of 0.2 to 0.3, which means that 20% to 30% of
neurons are eliminated at random during each forward and backward pass.

To optimize the model during training, the Adam optimizer (Adaptive Moment
Estimation) is applied. It calculates distinct adaptive learning rates for each parameter
utilizing first and second moment estimates of the gradients [32]. This study utilizes a
learning rate of 0.0005, which provides a reasonable balance of convergence speed and
training stability. Adam is particularly well suited to problems with weak gradients or
noisy data, making it a great fit for the panel vibration prediction task.

The model will be separated into a training set and validation set; this method is
applied to ensure that the result is valid. Since the sample data is considered a small sample
size, in this study 0.1 to 0.15 will be defined as the validation split, which means 10% to
15% of the sample size will become the validation set and 85% to 90% of the sample size
will become the training set. After the consideration of all factors and hyperparameters,
there will be 16 network variations that consist of a combination of the training set, hidden
layers, and the validation split. All 16 variations are shown in Table 3.
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Table 3. List of network model variation.
No. Variation Training Set Hidden Layers Validation Split
1 ALL-Varl Entire Panel 3 Hidden Layers 10%
2 ALL-Var3 Entire Panel 3 Hidden Layers 15%
3 ALL-Var3 Entire Panel 2 Hidden Layers 10%
4 ALL-Var4 Entire Panel 2 Hidden Layers 15%
5 ER-Varl Engine Room 3 Hidden Layers 10%
6 ER-Var3 Engine Room 3 Hidden Layers 15%
7 ER-Var3 Engine Room 2 Hidden Layers 10%
8 ER-Var4 Engine Room 2 Hidden Layers 15%
9 AE-Varl After Peak 3 Hidden Layers 10%
10 AE-Var3 After Peak 3 Hidden Layers 15%
11 AE-Var3 After Peak 2 Hidden Layers 10%
12 AE-Var4 After Peak 2 Hidden Layers 15%
13 ACC-Varl Accommodation 3 Hidden Layers 10%
14 ACC-Var3 Accommodation 3 Hidden Layers 15%
15 ACC-Var3 Accommodation 2 Hidden Layers 10%
16 ACC-Var4 Accommodation 2 Hidden Layers 15%

4. Results and Discussion
4.1. Training Loss

The 16 network models were trained until more than 2000 epochs for each network
elapsed. Each of the networks have different length of training based on its network hyper-
parameters. In each epoch, the MSE and Mean Absolute Error (MAE) will be calculated to
find out the loss or error value for each epoch. After the model has finished training, the

model loss over curve can be applied. The curve is shown in Figure 7.
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Figure 7. Loss curve results.

From the loss over graphs above, it can be shown that the entire panel variant 1 to 4
and engine room variant 1 to 4 network models have a very smooth graph, which indicates
the optimum generalization of sample data, compared with the after peak variant 1 to 4
and accommodation room variant 1 to 4 network models, which have very rough lines in
each epoch, which means that the sample data is not generated well because the sample
data is noisy.

4.2. Output Prediction Performance

The performance of each network will be validated to see if the network is demon-
strating optimal generation. The regression graph will be applied to each network training
period to show the accuracy for each training period. Each network will be divided into
two output variable graphs and each output variable will be divided into the training set,
validation set, and entire set to see if the network training is overfitting. The prediction
accuracy results are presented in Figures 8-11.
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Figure 8. Regression results of prediction accuracy for entire panel model.
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Figure 9. Regression results of prediction accuracy for engine room model.
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Figure 10. Regression results of prediction accuracy for after peak model.
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Figure 11. Regression results of prediction accuracy for accommodation room.

The graphs in Figure 8 show that the entire panel network model is training very well,
with an entire set accuracy range of frequency R? = 0.95 to 0.98 and mass R? = 0.95 to 0.98.

The graph in Figure 9 show that the engine room network model is training very well,
with an entire set accuracy range of frequency R? = 0.95 to 0.98 and mass R? = 0.96 to 0.98.

The graphs in Figure 10 show that the after peak network model is trained well but is
demonstrating overfitting, with an entire set accuracy range of frequency R? = 0.96 to 0.98
and mass R? = 0.97 to 0.98, which is not acceptable.

The graphs in Figure 11 show that the accommodation room network model is trained
well but is demonstrating overfitting, with an entire set accuracy range for Frequency
R? = 0.97 to 0.99 and mass R? = 0.97 to 0.98, which is not acceptable.

Overall, the results demonstrate a high degree of alignment between the predicted
and actual values across all variations based on the prediction graphs, but the regression
graphs show that the after peak variation 1 to 4 and accommodation room variation 1 to
4 models show signs of overfitting. This is shown in the validation training accuracy, which
is under 80%, and the gap between the training and validation set accuracy, which is more
than 10%. This means that the credibility of the prediction accuracy is not fully acceptable.
For the entire panel variation 1 to 4 and engine room variation 1 to 4 models, it is shown
that the network model generated very well and that the accuracy is acceptable, as seen in
the accuracy results of frequency and mass all being above 90%.

4.3. Summary

After all of the network training is completed, each network will be compared to
each other to find out the best network and to define the model fit, overfit, or underfit. A
summary of the network prediction accuracy results is shown in Table 4.
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Table 4. Summary of ANN prediction accuracy. The green background described as model is fit and

red background described as model is overfitting.

L. Frequency Accuracy Mass Accuracy Prediction Gap Model
No. Variation . ) ires
Train Val. Train Val. Freq. Mass Fitting
1 ALL-Varl 98% 95% 98% 96% 3% 2%
2 ALL-Var3 97% 92% 97% 99% 5% 2%
3 ALL-Var3 95% 97% 95% 97% 2% 2%
4 ALL-Var4 98% 91% 97% 99% 7% 2%
5 ER-Varl 97% 97% 98% 94% 0% 4%
6 ER-Var3 97% 94% 97% 94% 3% 3%
7 ER-Var3 95% 96% 97% 96% 1% 1%
8 ER-Var4 98% 94% 98% 97% 4% 1%
9 AE-Varl 97% 86% 98% 51% 11% 47%
10 AE-Var3 98% 85% 98% 51% 12% 47%
11 AE-Var3 97% 92% 98% 45% 5% 53%
12 AE-Var4 99% 92% 97% 41% 7% 56%
13 ACC-Varl 98% 98% 98% 53% 0% 45%
14 ACC-Var3 98% 98% 98% 40% 0% 58%
15 ACC-Var3 97% 96% 97% 75% 1% 22%
16 ACC-Var4 98% 98% 97% 69% 0% 28%
From Table 4, it can be shown that the entire panel variation 1 to 4 and engine room
variation 1 to 4 models generated very well and in comparison with the after peak variation
1 to 4 and accommodation room variation 1 to 4 network models which demonstrated
overfitting, since the prediction gap is more than 20% different. The table also shows that
the entire set variation 1 (ALL-Varl) it the best network model because both frequency and
mass are predicted with 98% accuracy and all training and validation are predicted above
95%. Also, the prediction gap of the network model is stable to 2% to 3%. Since the entire
set variation 1 (ALL-Varl) is the best network model, each prediction result of all sample
data is shown in Table 5.
Table 5. Summary of sample data prediction result. The green background described as the best case
of the prediction.
Panel Frequency Mass Panel Frequency Mass
No. Act. Pred. Act. Pred. No. Act. Pred. Act. Pred.
1 21.6 20.1 3.0 2.7 79 38.6 41.1 24 24
2 21.6 20.1 3.0 2.7 80 20.8 20.3 6.4 6.1
3 10.1 11.2 4.6 3.9 81 32.2 33.8 4.6 41
4 11.0 13.1 3.2 29 82 413 40.9 5.7 5.7
5 13.5 13.3 47 4.4 83 25.3 26.3 4.3 41
6 18.3 18.4 1.2 1.3 84 20.6 20.3 6.3 6.0
7 34.0 34.2 1.6 1.4 85 17.0 16.1 6.3 5.4
8 31.5 29.8 1.4 12 86 17.7 16.8 6.3 5.6
9 15.7 14.8 54 4.6 87 211 20.7 3.5 29
10 29.6 29.8 21 1.9 88 23.0 21.3 3.0 2.8
11 14.9 11.9 3.4 4.4 89 28.6 29.4 3.0 2.7
12 14.4 15.4 2.6 24 90 20.5 19.3 3.4 3.1
13 21.4 20.5 10.3 10.6 91 25.1 22.1 2.2 2.2




Vibration 2025, 8, 52 23 of 28
Table 5. Cont.
Panel Frequency Mass Panel Frequency Mass

No. Act. Pred. Act. Pred. No. Act. Pred. Act. Pred.
14 31.1 32.5 27 24 92 16.6 15.5 57 5.0
15 221 211 3.1 2.8 93 16.6 155 57 5.0
16 14.8 14.2 3.1 3.2 94 19.0 17.6 29 2.7
17 14.2 13.8 3.1 3.3 95 38.7 32.0 0.9 0.9
18 14.2 13.8 3.1 3.3 96 19.0 18.2 6.7 6.1
19 29.5 241 1.1 1.1 97 41.0 41.4 44 4.5
20 32.3 29.7 1.5 1.3 98 24.3 20.9 2.0 1.9
21 18.1 18.1 1.1 1.3 99 28.3 29.2 4.3 4.2
22 12.3 12.2 4.3 41 100 444 47.6 3.0 3.1
23 16.2 14.7 6.2 6.0 101 28.5 29.2 4.3 4.3
24 13.8 13.3 3.7 3.7 102 46.1 43.8 49 5.5
25 20.9 19.5 2.2 2.1 103 21.4 19.7 1.6 1.5
26 21.7 19.9 1.9 1.7 104 33.1 34.0 49 4.3
27 21.7 21.0 5.5 5.3 105 35.3 37.0 23 2.0
28 11.9 11.2 4.2 4.3 106 59.4 54.1 1.4 1.9
29 19.5 18.7 6.1 5.8 107 29.1 28.7 2.3 2.0
30 13.8 14.5 3.3 29 108 211 18.8 3.7 3.9
31 20.2 19.2 0.7 0.9 109 27.6 27.4 2.8 2.6
32 15.6 15.8 29 2.7 110 17.7 174 2.0 1.9
33 13.1 13.3 3.5 3.1 111 32.4 30.6 1.7 1.5
34 7.7 10.5 4.0 3.8 112 31.7 28.3 1.4 1.4
35 23.3 21.2 2.2 2.0 113 43.4 47.0 29 3.0
36 14.2 134 4.2 41 114 26.5 259 4.6 5.0
37 16.1 14.8 4.8 4.7 115 28.7 30.6 34 3.2
38 7.8 9.9 4.7 4.2 116 459 46.4 41 4.2
39 11.5 11.5 5.1 4.7 117 17.6 17.7 2.7 2.3
40 12.7 12.1 6.8 5.5 118 20.6 20.0 4.2 3.8
41 17.4 18.1 1.2 1.3 119 52.0 50.1 29 34
42 35.0 374 3.8 34 120 19.8 18.0 3.1 3.0
43 8.2 10.6 4.0 3.8 121 26.0 26.0 29 2.5
44 13.3 13.3 3.8 3.7 122 124 13.7 3.0 2.7
45 7.7 9.0 6.5 5.6 123 22.0 20.4 3.2 3.0
46 17.4 159 3.9 3.5 124 259 26.0 3.0 2.8
47 11.6 11.8 6.9 5.8 125 22.6 20.3 1.5 1.5
48 7.6 9.5 11.6 10.9 126 18.1 14.8 44 4.6
49 12.5 11.9 9.2 8.8 127 18.8 15.6 34 3.7
50 18.9 17.9 4.7 4.2 128 24.2 22.3 2.5 24
51 43.5 44.2 49 4.8 129 23.3 21.2 4.7 52
52 194 18.4 4.7 4.2 130 24.6 22.3 2.3 2.3
53 15.6 15.1 7.6 7.0 131 48.1 48.0 1.6 1.9
54 37.7 38.1 54 5.5 132 39.1 38.7 1.9 1.8
55 229 22.7 5.9 5.7 133 13.3 13.7 11.6 114
56 14.9 14.2 7.6 6.9 134 28.4 26.4 8.1 7.7
57 21.5 211 12.6 12.5 135 241 23.7 14.6 13.2
58 40.0 39.4 5.8 6.0 136 239 241 3.2 2.8
59 45.1 42.7 10.6 11.6 137 14.7 14.8 17.0 17.2
60 11.0 12.3 12.1 10.9 138 14.8 20.6 0.4 0.4
61 52.8 51.7 6.6 7.8 139 19.7 18.6 1.3 1.5
62 14.3 13.9 6.5 52 140 21.7 20.3 1.5 1.4
63. 41.5 42.5 4.0 44 141 23.8 219 2.0 1.9
64. 11.5 124 11.1 10.3 142 15.2 17.7 1.4 1.4
65 37.8 33.8 114 12.2 143 24.3 21.8 1.7 1.6
66 31.6 28.8 11.5 12.3 144 39.5 37.6 1.3 1.1
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Table 5. Cont.
Panel Frequency Mass Panel Frequency Mass

No. Act. Pred. Act. Pred. No. Act. Pred. Act. Pred.
67 15.9 14.7 4.0 4.0 145 14.0 15.2 22 2.3
68 18.5 17.2 74 7.4 146 22.1 19.7 15 1.6
69 314 28.2 15.3 15.7 147 11.8 14.7 2.2 23
70 15.9 14.8 4.4 4.3 148 21.9 21.8 0.5 04
71 8.3 8.4 8.6 7.9 149 25.2 21.6 0.7 0.7
72 20.5 20.1 59 5.7 150 21.5 20.2 0.8 09
73 25.4 25.8 155 155 151 25.8 23.0 0.4 0.2
74 29.1 32.3 3.2 2.8 152 20.8 20.0 14 14
75 27.9 29.9 3.8 3.6 153 28.2 25.9 15 14
76 30.4 27.2 1.7 1.8 154 28.4 29.9 3.1 3.1
77 18.9 17.0 6.5 6.3 155 36.5 33.6 1.1 1.0
78 43.1 42.3 5.8 6.0 156 43.6 442 2.3 2.7

From the sample data prediction results shown in Table 5, the best prediction happens
for the engine room-82 panel with the margin between the percentage of the actual value
and prediction value for frequency being 0.97% and for mass being 0%; this means that the
sample data is generated very well.

4.4. Case Study

After the best network model and best sample data prediction method was determined,
a case study had to be performed to check if the network could technically predict a stiffened
panel vibration analysis result. In this case since the engine room-82 panel demonstrated
the best sample data prediction, that base panel was chosen as the basic panel to be tested.
The input variable value of the panel, such as plate dimension, thickness, the area of
stiffener, has to be randomly changed. Model stiffness, the number of stiffeners, fluid
density, and fluid interaction side are not changed because they vary the structural support
and structural characteristics. In the case study, the number of stiffeners and the number
of fluid contact sides were fixed to reflect the characteristics of hull structures. In ship
structural design, the spacing of stiffeners must be maintained uniformly in accordance
with classification rules. Furthermore, the hull structural sides in contact with fluid are
limited to the inner surfaces of structures used for fluid storage within the hull structure. On
the other hand, during the structural design process of the ship hull, the plate dimensions
of stiffened panels can be adjusted within a certain range at the discretion of the designer.
This had to be performed to test if the algorithm could generate with new random variable
values. The specific input variables that were changed from the base original panel are
shown in Figure 12.

After all of the input variable values are defined, a vibration analysis for the test panel
had to be performed. The vibration analysis results for the output variables are shown in
Figure 13. The output variable value will not be inputted into the network model, since
that value it just needed to validate if the algorithm can predict the random test panel and
to determine the margin between the actual test panel value and predicted test panel value.

The input variable will be input into the network model; this step is performed after
the network model has already obtained a result for accuracy and after the algorithm has
been trained. In this case the entire set variation 1 (ALL-Varl) network model is used. After
obtaining the result, the predicted value will be compared and the accuracy value will be
validated against the entire set variation 1 (ALL-Var1) set accuracy. The simulation results
of the test panel prediction are shown in Figure 14.
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Original Panel

Area t N A_s p Fluid_I k
29,400,000 15.75 19 276,800 0 0 381,923.3
<
Area t N As p Fluid_I k
29,360,000 15 19 291,650 0 0 304,370.7
(-40,000) | (-0.75) (+14,850) (-77.552.6)

Figure 12. Test panel input variables at initiation.

Test Panel

Freq:37.250 Hz
Mass : 5.562 Ton

Figure 13. Actual vibration analysis results of random test panel.

: L | 29,360,000 :
I t| 15 I .
I I Predicted Value
I N | 19 I
| 1/1 8s 22ms/step

I As | 291,650 | N Prediction Result:
| : I Frequency: 38.4973 Hz
| PO v " Mass: 5.3518 Ton
: Fluid_l | 0 v |
| k | 304,370.7 :
I .

Prediction |

Figure 14. Test panel prediction results.

After the test panel is applied to the network training, it can be shown in Table 6 that
the test panel predicted very well according to the algorithm that consisted of the entire set
variation 1 (ALL-Varl) network model. The accuracy value of the test panel was similar to
the validation set value, which shows that the network is capable of predicting the result
based on the algorithm that was already being trained.
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Table 6. Case study results. The green background described as the accuracy value are comply
because exceed the validation value.

Panel Type Frequency Mass Margin Accuracy
Act. Pred. Act. Pred. Freq. Mass Freq. Mass
Original panel 41.3 40.9 5.7 5.7 0.97% 0% 99.03% 100%
Test panel 37.3 38.5 5.6 5.4 3.22% 3.57% 96.78% 96.48%
ALL-Varl (validation set accuracy) 95% 96%

5. Conclusions

The primary objective of this study was to develop an ANN-based predictive model
capable of accurately and efficiently estimating the fundamental vibration frequency and
structural mass of ship stiffened panels. To this end, a comprehensive dataset was gen-
erated using FEA, encompassing a wide range of panel configurations and structural
characteristics, including panel area, thickness, number and area of stiffeners, fluid density,
number of fluid contact sides, and overall structural stiffness. These variables were used as
input features for the ANN, which was trained to predict two key outputs: the fundamental
vibration frequency and the corresponding structural mass.

A total of 16 different networks were trained with a combination of four training sets
(entire panel, engine room, after peak, and accommodation room) with two variations
in the hidden layers and two variations in validation. Among the networks, the model
trained with the entire dataset (ALL-Varl) demonstrated the most robust and generalized
predictive capability, achieving R? values exceeding 0.98 and prediction gaps within 2% to
3% for both target outputs. In contrast, the models trained on subsets with limited data,
such as the after peak and accommodation room panels, showed signs of overfitting due to
insufficient data variation and poor correlation between input and output features.

These findings highlight the importance of data quality, quantity, and feature relevance
in training machine learning models for structural prediction tasks. The ANN model
developed in this research successfully captured the complex nonlinear relationships
governing panel vibration behavior, showing promise as a rapid alternative to conventional
FEA-based analyses. Furthermore, the trained model was verified using randomly selected
panel cases, where it achieved over 96% accuracy in predicting both vibration frequency
and mass.

In conclusion, this study demonstrates that a well trained ANN model can serve as a
reliable and scalable tool for predicting the local vibration characteristics of ship structures,
facilitating the early detection of resonance risks during the design stage. By integrating
such a model into the structural design and inspection workflow, engineers can significantly
reduce computational costs while maintaining a high predictive accuracy. Future research
should aim to expand the training dataset to cover a broader range of structural scenarios
and improve generalization by incorporating advanced feature selection and regularization
techniques. This will further enhance the model’s applicability and robustness in practical
marine engineering design contexts.

Author Contributions: Conceptualization, M.R.P. and C.-Y.S.; methodology, M.R.P. and C.-Y.S;;
software, M.R.P,; validation, M.R.P. and C.-Y.S.; formal analysis, M.R.P.; investigation, M.R.P.;
writing—original draft preparation, M.R.P.,; writing—review and editing, C.-Y.S.; supervision, C.-Y.S.
All authors have read and agreed to the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: The data presented in this study are available within the article.



Vibration 2025, 8, 52 27 of 28

Acknowledgments: This work was supported by the Korea Institute of Energy Technology Evaluation
and Planning (KETEP) and the Ministry of Trade, Industry and Energy (MOTIE) of the Republic of
Korea (No. 20213000000030; No. 20223030020240), the Korea Institute of Marine Science and Technol-
ogy Promotion (KIMST), and the Ministry of Oceans and Fisheries, Korea (No. 1525013494 /PMS5390,
Development of basic technologies to evaluate electric-powered system for in eco-friendly ship and
demonstrate ship—applicability of carbon-free fuel).

Conflicts of Interest: The authors declare no conflicts of interest.

Abbreviations

The following abbreviations are used in this manuscript:

FEA Finite Element Analysis

MLP Multilayer Perceptron

SL Supervised Learning

BPNN Back Propagation Neural Network
FEINN Finite Element Informed Neural Network

ALL-Varl Entire Panel Variation 1

ALL-Var2  Entire Panel Variation 2

ALL-Var3  Entire Panel Variation 3

ALL-Var4  Entire Panel Variation 4

ER-Varl Engine Room Variation 1

ER-Var2 Engine Room Variation 2

ER-Var3 Engine Room Variation 3

ER-Var4 Engine Room Variation 4

AE-Varl After Peak Variation 1

AE-Var2 After Peak Variation 2

AE-Var3 After Peak Variation 3

AE-Var4 After Peak Variation 4

ACC-Varl Accommodation Room Variation 1
ACC-Var2 Accommodation Room Variation 2
ACC-Var3 Accommodation Room Variation 3
ACC-Var4 Accommodation Room Variation 4
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