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Abstract: This study aims to develop a simulation-based fault diagnosis method for Rotor Sail systems to overcome the challenges of
limited real-world failure data in the maritime industry. With the strengthening of International Maritime Organization environmental
regulations, Rotor Sails have garnered significant attention as eco-friendly wind propulsion systems. Although high reliability is es-
sential for operation in harsh marine environments, constructing data-driven Condition Based Maintenance systems is difficult due to
the scarcity of empirical failure data. In this research, a Failure Mode and Effects Analysis was first conducted on core components,
leading to the selection of the tilting device as the primary diagnostic target. To address the lack of operational data, a hydraulic cylinder
model was developed using MATLAB/Simulink to simulate specific failure modes, including leakage and friction. The generated time-
series data were transformed into scalogram images via Continuous Wavelet Transform and utilized for transfer learning with a pre-
trained Convolutional Neural Network model based on GoogLeNet. The experimental results demonstrated that the proposed model
classified fault types with a high accuracy of 95.6%. Consequently, this research confirms the effectiveness of simulation-driven fault
diagnosis techniques for maritime equipment sectors where data accessibility is limited, providing a robust framework for future pre-
dictive maintenance.
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1. Introduction of reduced system reliability.

With the strengthening of environmental regulations by the In- Since failures during operation are difficult to maintain imme-

ternational Maritime Organization (IMO), technology develop- diately and can lead to massive losses such as disruptions in ship

ment to improve ship energy efficiency and reduce carbon emis- schedules or safety accidents, the importance of technology for

sions is accelerating worldwide. In particular, as the Energy Ef- ~ ensuring the durability of core equipment and preemptively de-

ficiency Existing Ship Index (EEXI) and Carbon Intensity Indi-
cator (CII) regulations have come into effect, Rotor Sail systems,
which use wind power to assist ship propulsion, are attracting at-
tention as an effective eco-friendly solution. Based on the Mag-
nus Effect, Rotor Sails have the advantage of significantly reduc-
ing fuel consumption; however, they involve large rotating struc-
tures installed on the deck, which are continuously exposed to
harsh marine environments such as high salinity, humidity, and
severe vibration. These environmental factors accelerate corro-

sion and fatigue failure of equipment, serving as a primary cause

tecting failure signs is being emphasized more than ever
(11121131

Traditional ship maintenance has relied on Preventive Mainte-
nance (PM), where parts are replaced according to cycles recom-
mended by manufacturers. However, this has limitations, such as
increasing maintenance costs by performing unnecessary re-
placements even when parts have remaining useful life, or failing
to respond to sudden failures that occur between maintenance cy-
cles. Accordingly, a paradigm shift is recently taking place to-

ward Condition-Based Maintenance (CBM) and Prognostics and
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Health Management (PHM) systems that monitor the real-time
status of equipment based on sensor data and predict failure tim-
ing. In particular, with the spread of the Fourth Industrial Revo-
lution technologies, fault diagnosis research using deep learning
is being actively conducted. This is establishing itself as a core
technology for CBM as it can automatically extract fault features
from complex mechanical signals and classify states with high
accuracy [4].

However, to apply deep learning-based fault diagnosis models
to actual industrial sites, especially to newly developed equip-
ment like Rotor Sails, the fundamental problem of "data absence"
must be resolved. For the training of deep learning models, data
on various failure situations as well as normal data are essential.
However, due to the nature of the maritime industry, which pri-
oritizes safety, parts are replaced preemptively before failure oc-
curs, making it extremely difficult to obtain actual failure data.
This leads to a class imbalance problem where normal data is
abundant but failure data is extremely scarce. In the case of new
technologies with short operational histories like Rotor Sails, sit-
uations where no failure data is available for training are fre-
quent. This lack of data acts as a major barrier, degrading the per-
formance of existing supervised learning-based artificial intelli-
gence models and hindering field application. To overcome this,
data augmentation techniques using Generative Adversarial Net-
works (GAN) are being studied, but these have limitations in that
they only mimic the statistical distribution of data and do not
fully reflect the physical failure mechanisms of mechanical sys-
tems.

Therefore, this study proposes a hybrid fault diagnosis meth-
odology that generates failure data through physical modeling-
based simulations and utilizes it for deep learning model training
in environments where obtaining actual failure data is difficult
[5]. First, through Failure Mode and Effects Analysis (FMEA), a
system reliability analysis technique, core components with the
highest failure risk in the Rotor Sail system were identified and
selected as diagnostic targets. Subsequently, a physical model
was constructed using MATLAB Simulink for the selected com-
ponents, and virtual failure data was generated by simulating pos-
sible failure modes such as leakage and friction. Finally, the gen-
erated time-series data was converted into Scalogram images
containing time-frequency characteristics, and a diagnostic
model was established by transfer learning these into Goog-
LeNet, a pre-trained Convolutional Neural Network (CNN)

model. Through this series of processes, this study aims to
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demonstrate that a high-reliability fault diagnosis system can be
established even for early-stage marine equipment where actual

data is insufficient [6].

2. Selection of Target System and FMEA Anal-
ysis

2.1 Technology Classification and Configuration of Rotor

Sail System

The Rotor Sail system, which is the subject of this study, con-
sists of a rotating body that utilizes the Magnus effect to maxim-
ize ship propulsion efficiency and a complex mechanical device
that controls and supports it. For the reliability analysis of the
system, the overall structure of the Rotor Sail was classified into
the following four core subsystems based on their functional
characteristics.

The Outer Body Structure is a rotating component on the ex-
terior of the Rotor Sail body, composed of composite materials,
adhesives, and bolts. Due to limited mold sizes during manufac-
turing, it consists of two or three parts joined through bonding.
These bonded joints are further secured with bolts for enhanced
durability. The Inner Steel Structure is divided into four major
parts: the Connection Structure, which links the Outer Body
Structure to the bearings of the Inner Steel Structure; the Drive
System, consisting of a motor, frequency converter, safety
switch, and brake resistor to rotate the Outer Body Structure; the
Lower Wheels, which utilize bearings to enable rotation; and the
Support Steel Tower, which includes ladders and cable racks for
internal maintenance. The Tilting Structure serves as the support
unit for the Rotor Sail, performing tilting operations to facilitate
cargo transport during berthing. It comprises a Hydraulic Unit
(the oil supply system for tilting), a Cylinder (the hydraulic struc-
ture performing the tilting action), and a Tilting Structure Part
that supports the Rotor Sail. The Control System consists of sen-
sors to detect wind speed and direction, along with hardware and

software to control the overall system operation.

Table 1: Technology Classification of the Rotor Sail System

Classification Detailed Classification

Outer Body Structure| Composite material, Bonding, Fixed Bolts

Connection Structure, Drive System,
Inner Steel Structure
Lower Wheels, Support Steel Tower

Tilting Structure |Hydraulic Unit, Cylinder, Tilting Structure Part

Control System Control System, Wind Sensors
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Table 2: Evaluation criteria for Severity, Occurrence, and De-

tection rankings

Index |Rating Description
Hazardous without warning: Affects opera-
5 [tion without warning, causing catastrophic
system failure.
\Very High: Major function is lost, rendering
4  [the system inoperable and partially affecting
Severity the system.

IModerate: Operable but with degraded perfor-
mance; no major impact on the overall system.

IMinor: Component failure occurs, but there is no
abnormality in operation.

1 [None: No effect on the product.

IHigh: Repeated failures (occurring within 3 years
or less).

IModerate: Intermittent failures (occurring be-

2
Oceurrence tween 3 to 10 years).

IRemote: Almost no failures (occurring between
10 to 20 years).

IAbsolute Uncertainty: No existing method availa-

4 ble to detect the failure mode.
3 IRemote: Detection is possible through localized
repair and maintenance activities.
Detection ) IModerate: Failure modes can be detected using

monitoring systems.

IAlmost Certain: Failure modes are almost cer-
1 [tainly detected via monitoring systems (including

root cause analysis, etc.).

2.2 FMEA Analysis Methodology

To identify critical failure components, Failure Mode and Ef-
fects Analysis (FMEA) was performed in accordance with the in-
ternational standard IEC 60812. The targets of the analysis in-
cluded the four systems and sub-components previously classi-
fied, and potential failure modes for each part were identified.
For risk assessment, the criteria from the QS9000 standard were
simplified, classifying Severity (S), Occurrence (O), and Detec-
tion (D) into 5, 3, and 4 levels, respectively. The specific evalua-
tion criteria for each factor are summarized in Table 2.

These factors were evaluated on their respective scales by an
expert committee comprising three industry and academic spe-
cialists, each with over 20 years of experience in the relevant
field. The priority of failures was determined by calculating the
Risk Priority Number (Equation (1)), which is the product of
these three factors [7].

RPN = Sx0XD (1)

2.3 Selection of Core Equipment Based on FMEA

FMEA was conducted for a total of 321 failure modes, and

Journal of Advanced Marine Engineering and Technology, Vol. 50, No. 3, 2026. 6

44.13

z 35 30.44 30.35

10 7.33

[ ]

Inner Steel Outer Body Tilting Structure
Structure Structure
SYSTEM

Control System

Figure 1: Average RPN Values by the Rotor Sail System

Figure 1 below shows the results of analyzing the average RPN
values for each system.

The Tilting Structure exhibited the highest risk level, with an
RPN of 44.13. This figure is significantly higher than those of the
Inner Steel Structure (30.35) and the Control System (30.44), and
it represents a vastly higher risk level compared to the Outer
Body Structure (7.33). Because a failure in the Tilting Structure
can lead to catastrophic accidents such as the overturning of the
Rotor Sail, it received a high average score of 4.13 (based on a
5-point scale conversion) in the Severity category. Additionally,
the Detection score was analyzed to be high due to the absence
of a dedicated monitoring system.

To mathematically verify that this system-level averaging pro-
cess does not mask or dilute critical, high-severity individual fail-
ure modes, a linear regression analysis was performed across all
321 identified failure modes. By mapping the individual RPN
values against the average RPN of their respective subsystems,
the analysis revealed a strong positive linear correlation with a
high coefficient of determination (R? = 0.8118). This high R?
value rigorously demonstrates that 81.18% of the total variance
in individual risks is explicitly explained by the subsystem-level
averages. This empirical distribution proves that subsystems with
higher average RPNs consistently encompass the high-risk indi-
vidual failure modes, confirming the statistical reliability of the
prioritization framework without risk dilution.

Figure 2 below shows the results of the RPN analysis by com-
ponent. The hydraulic cylinder (Cylinder), a key driving compo-
nent of the Tilting Structure, recorded the highest risk level
among all parts with an average RPN of 62.4. This was followed
by the Lower Wheels (48.0), which are bearing components. As
a core power transmission device for tilting operations, failures
in the hydraulic cylinder—such as leakage, friction, and fatigue

failure—cause a total loss of functionality for the entire system.
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Figure 2: Average RPN Values by the Rotor Sail Component

Figure 3: Physical Modeling of the Tilting System

Therefore, this study selected the hydraulic cylinder of the
Tilting Structure, which showed the highest failure risk based on
quantitative analysis, as the primary target for developing a fault
diagnosis model. Through this, we intend to generate failure data
by reflecting major failure modes that occur in actual operating
environments—specifically leakage and friction defects—into
the simulation model and subsequently verify the diagnostic al-

gorithm.

3. Simulation Modeling for Fault Diagnosis

3.1 Development of MATLAB/Simulink Model

To simulate the dynamic behavior of the hydraulic cylinder, a
physical model of the tilting system was constructed using
MATLAB Simulink. Figure 3 shows the physical model of the
tilting system.

The model consists of two cylinders, flow sensors, and pres-
sure sensors, and was implemented at a 1/10 scale reflecting ac-
tual system specifications (piston diameter, stroke, etc.). Addi-
tionally, flow and pressure sensors were installed at the cylinder
inlets, and the system was modeled to enable the measurement of

flow rate and pressure.

3.2 Definition of Failure Modes and Data Generation

The primary failure types occurring in hydraulic cylinders are

Journal of Advanced Marine Engineering and Technology, Vol. 50, No. 3, 2026. 6

Jeong-Hwan Kim * Hyung-Sik Nam

Table 3: Definition of Fault Modes

Fault Mode Fault Range Data
Count
Leakage Fault 1001 x 1(_)5 i 200
~2x10
Friction Fault (Bre?kaway Friction Ra- 5.6-6.5 200
tio)
Friction Fault (Coulomb Friction Coef-| 7.1 x 1073 200
ficient) ~5.1x 1074,

Combined Fault (Leakage + Breakaway 210
Friction Ratio)

Combined Fault (Leakage + Coulomb 210

Friction Coefficient)

Combined Fault (All Friction Factors) 210

Combined Fault (All Factors) 240

Normal Operation 240

defined as 'Leakage' resulting from wear between the piston head
and the cylinder inner wall, and increased 'Friction' due to poor
lubrication. The dynamic behavior according to the variation of
each failure factor was simulated through a Simulink-based phys-
ical model. Table 3 shows the items and the quantity of the fail-
ure data.

To ensure the reliability of failure data generation, a simula-
tion-based sensitivity analysis was conducted to quantify the ex-
act parameter threshold ranges. In this study, the engineering
threshold for a system fault was defined as the point where the
hydraulic flow rate error deviates by 10% or more compared to
the normal operational baseline. Accordingly, by isolating the pa-
rameter boundaries that induce this 10% performance degrada-
tion, the gap for leakage failure was set between 1.001 x 1075
and 2 X 10~ 5m. For friction failure, the breakaway friction ratio
was set from 5.6 to 6.5, and the Coulomb friction coefficient was
set within the range of 7.1 X 1075 to 5.1 x 10™*. Based on these
settings, a total of eight state classes were defined, including the
normal state, single faults (leakage, breakaway friction, and Cou-
lomb friction), and combined faults consisting of their combina-
tions. By performing more than 200 repeated simulations for
each class while randomly varying the parameters, a total of
1,710 time-series datasets for flow rate and pressure were ob-

tained.

4. Deep Learning-based Fault Diagnosis Tech-
nique
4.1 Data Pre-processing (Scalogram Transformation)

The flow rate data of the hydraulic cylinder acquired through

MATLAB Simulink simulation is in the form of a one-dimen-
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sional (1D) time series. In this study, to utilize a CNN model with
proven image-based classification performance, a pre-processing
step was performed to convert the 1D signal into a 2D image
containing both time and frequency characteristics. Continuous
Wavelet Transform (CWT) was applied as the transformation
technique. Unlike the conventional Fourier Transform, CWT can
analyze frequency components while preserving temporal infor-
mation, making it advantageous for capturing transitional char-
acteristics of abnormal signals such as the timing of failure oc-
currence. Furthermore, CWT is a technique that analyzes signals
in the time domain through correlation with a wavelet function ¢
having various scales and positions. The CWT equation for a spe-

cific signal f(t) is defined as follows:
) « [t=Db
W(ab) = 7= 7, f(0e () at @

Where a is the scale parameter inversely proportional to fre-
quency, and b is the translation parameter that shifts along the time
axis. ¢@* denotes the complex conjugate of the mother wavelet func-
tion ¢. Unlike the traditional Short-Time Fourier Transform (STFT),
which has limitations in resolution due to a fixed window size, this
technique provides a wide time resolution in the low-frequency band
and detailed temporal analysis in the high-frequency band, enabling
precise capture of minute signal fluctuations occurring during fail-
ures. The Scalogram is the result of visualizing the energy density by
squaring the absolute value of the coefficients W (a, b) derived from
the CWT operation. In this study, the sampling frequency (F;) was
set to 1,000 Hz, and time-series signals with 10,001 data points were
converted into Scalogram images.

The Scalogram represents the energy of the signal as color inten-
sity along the time and frequency axes. In this study, 1,710 time-se-
ries datasets generated for a total of 8 classes (Case 01-08) were all
converted into RGB images with a pixel size 0f244 X 244, estab-
lishing a dataset that allows the deep learning model to learn the
unique visual features of each failure mode. Figure 4 below shows
the Scalogram image for a leakage failure.

The collected images were loaded using MATLAB's im-
ageDatastore function, with subfolder names designated as la-
bels. Subsequently, to prevent potential data leakage and elimi-
nate temporal correlation, the entire dataset was randomly parti-
tioned at the discrete image file level using the splitEachLabel
function into training data (70%, 1,197 images), validation data
(15%, 258 images), and test data (15%, 255 images).

In this process, the training data is used directly for network
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Figure 4: Scalogram Image of Leakage Fault
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training, while the validation data is utilized to monitor the train-
ing progress at each epoch and ensure the proper convergence of
the model's loss and learning rate. Conversely, the test data is
strictly excluded from the training and validation phases to en-
sure an objective calculation of the final model's accuracy.

Although MATLAB's Deep Network Designer automatically
normalizes images during training without additional functions,
the independently inputted test data underwent a separate nor-
malization process using the augmentedImageDatastore function
to match the required input size of the network.

Figure 5 illustrates the detailed composition of the training
data, which consists of a total of 1,197 images.

The bar chart at the top shows the quantity distribution for the
eight classes (Case 1-8), and the photographs at the bottom pre-
sent sample images for each case.

Figure 6 illustrates the detailed composition of the validation

data, which consists of a total of 258 images.

4.2 Construction of Transfer Learning Model (Goog-
LeNet)
In this study, GoogLeNet proposed by Szegedy et al. [8] was

adopted as the classification algorithm for fault diagnosis.
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Table 4: Training conditions

Category Contents
SGDM(stochastic gradient
Solver
descent momentum)
Initial learning rate 0.001
Max epochs 100
Mini batch size 128
Verification cycle 10
Table 5: Training results
Category Contents
Epoch 100/ 100
Number of iterations 900 /900
Number of iterations per epoch 9
Maximum number of iterations 900
Verification cycle 10

GoogLeNet is a deep neural network (DNN) model that
proved its performance by winning the ImageNet Large-Scale
Visual Recognition Challenge (ILSVRC) 2014 [8]. Despite hav-
ing a structure of 22 deep layers, this model is characterized by
achieving higher classification accuracy with significantly fewer
parameters—approximately 1/12th—compared to its predeces-
sor, AlexNet. The Inception module, the core structure of Goog-
LeNet, effectively extracts image features by performing convo-
lution and pooling operations with various kernel sizes in paral-
lel. Furthermore, it is designed to enable fast training and infer-

ence even in deep network structures by drastically reducing the

computational load through dimension reduction techniques us-
ing 1x1 convolution layers. Figure 7 illustrates the architecture

of GoogLeNet.

4.3 Training Configuration of Transfer Learning Model

In this study, GoogLeNet, as described earlier, was utilized as
the deep neural network classification algorithm. To adapt the
pre-trained model for the objectives of this research, the output
layer was modified, and the detailed conditions for model train-
ing were configured as shown in Table 4.

In this study, Stochastic Gradient Descent with Momentum
(SGDM) was used as the solver for neural network training. The
primary hyperparameters were set as follows: an initial learning
rate of 0.001, 100 max epochs, a mini-batch size of 128, and a
verification cycle of 10.SGDM is a technique that introduces the
physical concept of inertia into the traditional Stochastic Gradi-
ent Descent (SGD). By reflecting a certain percentage of the up-
date direction from the previous step into the gradient calculated
in the current step, it is possible to reduce oscillations during the
weight update process and significantly improve the convergence
speed toward the global optimum. The weight update formula us-

ing SGDM is shown in Equation (3) below:

Vi =pVeoy + (1= B)Se, B €[0,1] €))

In the equation, V defines the new sequence, and S defines the
existing sequence. f is a hyperparameter with a value between 0
and 1. Figures 8 and 9 show the training accuracy and loss
graphs, respectively. As a result of the training, accuracy was
achieved at epoch 2, and the training was terminated.

The training results are shown in Table 5 below.

The training of this model was conducted for a total of 100
epochs. With 9 iterations per epoch, a total of 900 iterations were

performed throughout the entire training process.

5. Simulation Results

To verify the final performance of the trained model, an eval-
uation was conducted using the 255 test data images partitioned
in Chapter 4 as inputs for the classification algorithm. As a result,
244 out of 255 images were correctly classified, achieving an ac-
curacy of 95.69%.

In addition to simple accuracy, Precision, Recall, and F1-score
were calculated based on a confusion matrix for a more multifac-
eted evaluation of the algorithm's performance. Among these,

Precision refers to the ratio of actual positive samples among
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those predicted as positive by the model. It is a key metric for
evaluating the accuracy of model predictions and is calculated as

shown in Equation (4).

TP
(TP+FP)

precision =

4)

Here, True Positive (TP) represents the number of cases where
actual positive data was correctly predicted as positive, and False
Positive (FP) denotes the number of cases where actual negative
data was incorrectly predicted as positive. High precision indi-
cates a high ratio of actual positive data among the results iden-
tified as positive by the model, making it a critical metric in en-
vironments where the occurrence of FPs must be minimized.

Next, Recall represents the proportion of actual positive sam-
ples that the model correctly detected as positive. This serves as
a measure to evaluate the model's practical target detection capa-

bility and is calculated as shown in Equation (5).

TP

recall = m

®)

Here, FN refers to False Negative, which indicates the mis-
classification of actual positive data as negative. Recall signifies
the ability to correctly detect actual positive samples and is an
important criterion in models where minimizing false negatives
is required.

Finally, the F1-score represents the harmonic mean of preci-
sion and recall. This metric yields a high value when both preci-
sion and recall are balanced and excellent, and it is used to assess
the overall performance of the model. Its calculation formula is

shown in Equation (6)[9].

presicionXxrecall
presicion+recall

F1—Score =2x% 6)

The F1-score is calculated by dividing the product of precision
and recall by their sum and then multiplying by 2. This prevents
the metric from being biased toward either precision or recall and
is useful for comprehensively judging balanced performance be-
tween the two evaluation criteria. The F1-score ranges from 0 to
1, with a value closer to 1 indicating superior predictive perfor-
mance of the model.

Figure 10 shows the confusion matrix derived from this study.
Based on this matrix, precision is calculated as the ratio in the
column direction (predicted values), and recall is calculated as

the ratio in the row direction (actual values).
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Figure 10: Confusion matrix

Table 6: Calculation of precision, recall, and F1-score

Category Precision Recall F-score
Case 1 1.000 0.909 0.952
Case 2 1.000 1.000 1.000
Case 3 1.000 1.000 1.000
Case 4 1.000 1.000 1.000
Case 5 0.903 1.000 0.949
Case 6 1.000 0.795 0.886
Case 7 0.778 1.000 0.875
Case 8 1.000 1.000 1.000

Average 0.960 0.963 0.958

The precision, recall, and Fl-score for each case calculated
based on the confusion matrix are shown in Table 6 below.

As a result of the calculations, the model's average precision
was 0.960, the average recall was 0.963, and the average F1-
score was 0.958, confirming that the classification algorithm pro-
posed in this study possesses excellent performance. While some
misclassifications occurred in Case 1 and Case 6, most other
cases exhibited high classification accuracy approaching 100%.
The combined fault scenario (Case 6) exhibited a relatively low
recall of 79.5%, often being misclassified into Case 7. Qualita-
tively, this is attributed to the overlapping damping effects of
both internal leakage and friction on the transient pressure sig-
nals. However, a rigorous quantitative segregation of these cou-
pled physical mechanisms remains a limitation of the current
simulation setup. Further data-driven analysis through isolated
parameter variations and experimental validation will be system-
atically conducted in our follow-up research to clarify this mis-

classification phenomenon.

6. Conclusion

In this study, a hybrid-based fault diagnosis methodology was
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proposed and its effectiveness was verified for the Rotor Sail sys-
tem, an eco-friendly auxiliary ship propulsion device gaining at-
tention following the strengthening of environmental regulations
by the International Maritime Organization (IMO). The method-
ology aims to overcome the problem of insufficient failure data
encountered during the initial introduction stage of such equip-
ment. To this end, an FMEA analysis based on the international
standard (IEC 60812) was first performed, identifying the hy-
draulic cylinder of the tilting structure—which can lead to cata-
strophic accidents such as overturning in the event of failure—as
the core diagnostic target with the highest failure risk.

To overcome the fundamental limitation of lacking failure data
in actual industrial sites, this study constructed a physical model
using MATLAB Simulink to simulate the dynamic behavior of
the target hydraulic cylinder. Through this, a total of eight state
classes were defined, including normal states as well as possible
leakage and friction defects, and 1,710 virtual time-series failure
datasets were generated through repeated simulations. The ac-
quired 1D time-series signals were pre-processed into 2D Scalo-
gram images using the Continuous Wavelet Transform (CWT)
technique, which effectively captures the transitional character-
istics of abnormal signals, and were converted into a dataset for
deep learning training.

The constructed image dataset was applied to GoogLeNet, a
pre-trained convolutional neural network (CNN) model, through
transfer learning to complete the final fault diagnosis classifica-
tion algorithm. Evaluating the final performance of the trained
model using independent test data—which was strictly excluded
from the training and validation processes—resulted in an excel-
lent classification accuracy of 95.69%. Furthermore, evaluation
metrics based on the confusion matrix, calculated to verify the
multifaceted performance of the model, recorded an average pre-
cision of 0.960, an average recall of 0.963, and an average F1-
score of 0.958, proving that defects can be diagnosed with high
reliability even for complex failure modes.

In conclusion, the fault diagnosis methodology proposed in
this study, which integrates physical simulation modeling and
deep learning algorithms, can serve as a promising baseline for
preemptively establishing Condition-Based Maintenance (CBM)
systems for new marine equipment where actual failure data is
difficult to obtain due to short operational histories. Nevertheless,
this study possesses a technical limitation in that dynamic envi-
ronmental variables—such as ship-motion effects, operational

wind loads, and hydraulic-oil temperature fluctuations—were
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excluded from the simulation, as the tilting mechanism primarily
operates under berthed conditions. Therefore, to expand the prac-
tical applicability of the proposed framework to real-world con-
tinuous monitoring, incorporating these multi-physics environ-
mental variables and conducting onboard experimental valida-
tions remain essential. Future research plans include applying the
diagnostic model developed through this study to scale-model
experimental devices or Rotor Sail systems on ships currently
operating at sea, thereby further enhancing the field applicability
and robustness of the algorithm through cross-validation with

measured data.
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