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Abstract

Digital Twin (DT) technology is increasingly recognized for its potential to enhance product lifecycle management, operational
efficiency, and data-driven decision-making across multiple industrial sectors. Although its adoption is growing in fields, such
as aerospace and shipbuilding, its application within the Naval Auxiliary Industry—comprising the systems and suppliers that
support core naval platforms—remains limited. This paper presents key insights from the TWIN NAVAUX project, which
promotes the integration of digital twin technologies within this sector in the Galicia—North Portugal Euroregion. Based on
demonstrator and real-world use cases, the study identifies major technical and organizational challenges, including system
integration, data interoperability, and the inherent complexity of modelling ships as systems-of-systems (SoS). The work also
outlines the essential building blocks required for successful DT deployment, such as standardized communication protocols,
robust data acquisition and storage infrastructures, and advanced modelling and simulation techniques. Overall, the findings

provide a structured roadmap to support and guide future digital twin implementations in the naval auxiliary domain.

1 Introduction

The concept of the Digital Twin (DT) was first introduced
by M. Grieves in 2002 as a digital counterpart to a phys-
ical product, with the aim of supporting Product Lifecycle
Management (PLM) (Grieves 2002). Its practical application
first emerged in the aeronautical sector, particularly through
NASA and the U.S. Air Force (Tuegel et al. 2011), and has
since expanded to other domains, including shipbuilding,
where companies, such as Navantia, were early adopters (Sil-
vera et al. 2020). In contrast, the Naval Auxiliary Industry,
which encompasses the suppliers and systems that support
primary naval platforms, has been slower to adopt digital
twin technologies. To address this gap, the TWIN NAVAUX
project was launched to explore and promote DT solutions
tailored to this sector’s specific technical and operational
challenges.
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One of the main barriers to DT deployment in naval
platforms is their complexity. Ships must be understood as
systems of systems (SoS), following Maier’s definition of
a system whose elements retain operational and manage-
rial independence (Maier 1999). In a typical ship, the ship
management system controls numerous independent subsys-
tems, often supplied by different vendors and governed by
diverse and sometimes incompatible standards and commu-
nication protocols. Developing a comprehensive digital twin,
therefore, requires each subsystem to have its own digital
representation, integrated seamlessly into the overall ship
model. Achieving this integration requires centralized moni-
toring, coherent system behaviour, and standardized formats
for data exchange and storage. Beyond system integration,
digital twins provide value throughout the lifecycle of naval
auxiliary equipment. They support lifecycle management
(Mauro & Kana 2023), enhance operator training (Mallam
etal.2019), serve as effective tools for product demonstration
at industry events, and enable product reconfiguration based
on knowledge derived from digital twins or digital shadows
(Riesener et al. 2025).

A comprehensive literature review indicates that recent
advances in artificial intelligence, data analytics, and digital
twin technologies have significantly influenced ship mainte-
nance strategies. Predictive maintenance models play a key
role in mitigating failure risks and optimizing maintenance
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schedules (Karatug et al. 2023; Lazakis et al. 2018). Changes
in operating state can strongly affect maintenance parame-
ters for ship machinery, with consequences for equipment
failure, environmental safety, and economic loss. As onboard
systems continue to grow in scale and complexity, even local-
ized faults can trigger cascading failures. Reliable real-time
fault diagnosis is, therefore, essential for navigation safety.

Four representative methodological frameworks are com-
monly used for fault diagnosis: model-based, data-driven,
knowledge-based, and hybrid-based approaches. In review-
ing the evolution of diagnostic methods, Huang et al. (2026)
identify three major challenges: difficulties in data acquisi-
tion and class imbalance, limitations in sensing and onboard
computing capacity, and reduced diagnostic reliability under
coupled fault scenarios. Model-based methods rely on math-
ematical representations, while knowledge-based methods
rely on knowledge representation and inference mechanisms;
both can be grouped as physics-based approaches. How-
ever, relatively little literature addresses their application to
onboard ship systems. Examples include Tran (2019), who
used Simulink to model a diesel engine in a bulk carrier, and
Islam et al. (2021), who used OpenFOAM for propulsion
modelling.

In recent years, however, data-driven models have shown
strong performance in fault diagnosis, anomaly detection,
and predictive maintenance (Guo et al. 2026; Karatug et al.
2023; Kirketerp-Mgller et al. 2025; Zhou et al. 2021).
Machine learning and deep learning algorithms have demon-
strated strong potential for health monitoring and failure
prevention. Yet the lack of sufficient training data remains
a major limitation. To address this, physics-based mod-
els are often used as synthetic data generators to improve
the accuracy of data-driven methods (Mavroudis & Tinga
2025). Another way to overcome this limitation is through
Physics-Informed Neural Networks (PINNs), which incor-
porate physical constraints directly into the training process
by adding terms to the loss function that reflect the sys-
tem’s differential equations or empirical relations (Fang
et al. 2026). Despite these advances, both physics-based
and data-driven approaches continue to face limitations in
prediction accuracy and practical deployment. Gaps remain
particularly in data integration and cost optimization. To
address these challenges, some researchers have adopted
hybrid approaches that combine real-time sensor acquisition
through IoT-based condition monitoring systems, predictive
analytics and machine learning for failure forecasting, and
cost—benefit analysis to evaluate the economic impact of
adaptive maintenance strategies compared with traditional
methods (Holovan et al. 2026; Wang et al. 2021).

Within the broad range of machine learning techniques,
LSTM-based models, as well as MLP, LSTM, and GRU
architectures, have been applied to fault prognostics and
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health monitoring in marine diesel engines and other onboard
machines and equipment (Han et al. 2021; Hu et al.
2022; Lee et al. 2025; Zhang et al. 2022). Digital twins
are increasingly used to simulate complex system dynam-
ics through continuous data exchange between physical
assets and their virtual models (VanDerHorn et al. 2022).
Real-time sensor data enables virtual models to support
condition monitoring and informed maintenance decisions
(Moghadam & Nejad 2022). Rotating machinery, includ-
ing gearboxes, motors, generators, pumps, and rotor shafts,
represents a critical class of components for which reli-
ability and maintenance are essential (Inturi et al. 2024).
Among these, electric motors, as primary actuators across
ship systems, illustrate how component-level DTs can serve
as building blocks for system-level integration. Permanent
Magnet Synchronous Motors (PMSMs) are representative
of the modelling approaches used in DT development.
High-fidelity PMSM models, often implemented with finite
element method (FEM) software, such as ANSYS, Simcen-
ter, or COMSOL, can simulate electromagnetic, thermal,
and mechanical interactions in detail. However, they require
extensive parameterization and significant computational
resources, which limits their applicability in real-time ship
operations. Data-driven models, in contrast, use historical
and operational data to enable predictive analytics with-
out detailed physical inputs (Lukman & Lee 2025). Hybrid
approaches combine these strategies to balance accuracy and
computational efficiency.

Although high-fidelity and hybrid models represent the
state of the art, they remain difficult to deploy in auxiliary
systems due to complexity, cost, and real-time constraints.
The present work, therefore, adopts a simplified modelling
approach, prioritizing ease of implementation, reduced com-
putational demand, and suitability for on-board integration.
This perspective reflects the practical needs of auxiliary sup-
pliers, where lightweight DTs can still deliver substantial
benefits in predictive maintenance, operational optimization,
and component-level monitoring, while serving as scalable
building blocks toward integrated ship-level digital twins.

The literature provides examples of auxiliary-system DTs
that support this more pragmatic direction. Liu et al. (2024)
developed a crane DT using co-simulation, replicating boat
and ship motions via Functional Mock-up Units (FMUs).
Similarly, Miao et al. (2024) created a DT for monitoring
ship equipment, including fans and pumps, using PSO-SVM
forecasting. These studies show that manufacturer-provided
DTs, even at a simplified level, can form the foundation for
higher-level system DTs, enabling predictive maintenance,
performance optimization, and operational decision support.

DTs have also been used for failure diagnosis by com-
paring real-time operational data with their digital counter-
part. For example, Fera and Spandonidis (2024) proposed
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a real-time monitoring framework for a three-phase low-
voltage squirrel-cage induction motor, simulated in MAT-
LAB Simulink. Fault detection was achieved by computing
the Mahalanobis distance between measured operational data
and the DT model, with deviations beyond a threshold indi-
cating potential faults. This approach demonstrates how
relatively simple models can provide effective early fault
detection and preventive maintenance. Recent advances in
naval condition monitoring further underline the trade-offs
between complexity and practicality. Sun et al. (2025), in
their systematic review of shipboard fault monitoring, high-
lighted typical faults and model-based detection methods,
including DTs. They emphasize the ongoing difficulty of bal-
ancing accuracy with real-time performance, particularly in
multiphysics DTs involving CFD or FEM simulations.

This paper investigates the implementation of a hybrid
digital twin for a marine winch in collaboration with an
auxiliary maritime company, demonstrating the potential of
integrating digital twin technologies into physical products
for predictive maintenance and operational monitoring. In
this work, the KNN algorithm is applied to the electric motor
of a winch. KNN is well suited to machine health monitoring,
because it is simple to implement, requires little training, and
can be updated easily as new operating data become avail-
able. It works by comparing current sensor readings with
stored examples of normal behaviour, making it effective for
detecting deviations, identifying anomalies, and supporting
condition monitoring in data-driven maintenance systems.

The DT approach presented in this paper aligns with
the challenge of marine deployment complexity, showing
how computationally efficient DTs can make digitaliza-
tion feasible for auxiliary systems, while still contributing
meaningfully to the broader goal of ship-wide digital twin
integration. In summary, this work presents a novel hybrid
modelling approach that combines a physics-based model
and a data-driven model as the core simulation framework of
a digital twin. Rather than using the physics-based model as
a synthetic data generator, the model is encapsulated as an
FMU and coupled with the data-driven KNN model to build
an enhanced hybrid digital twin.

Digital twins have been developed at both the system
and subsystem levels to support specific operational func-
tions on ships. They provide the basis for fully digitalized
vessels, enabling capabilities, such as Machinery Health
Monitoring (MHM), Asset Efficiency Monitoring (AEM),
Operational Performance Management (OPM), and Crew
Assistance and Augmentation (CAA) (Madusanka et al.
2023; Mao et al. 2025). The TWIN NAVAUX project aims
to promote DT adoption among auxiliary companies in the
Galicia—North Portugal Euroregion. These companies, which
supply machinery and components for ship auxiliary sys-
tems, can leverage DT technology to enhance their products

with digital functionality. Through digital models, auxiliary
manufacturers can contribute directly to AEM, MHM, OPM,
and CAA, thereby reinforcing their strategic role in ship dig-
italization.

2 Use case: digital twin for winch systems
2.1 Presentation of the use case

As part of the TWIN NAVAUX project, a digital twin demon-
strator of marine winches was developed in collaboration
with Ferri, an auxiliary maritime company. The demonstrator
illustrates the practical application of digital twin technolo-
gies in the marine auxiliary sector through the real-time
monitoring of an asset to support condition monitoring. The
demonstrator focuses on an electric winch used for a transfer
bag crane on an offshore wind platform. Winches are critical
subsystems in marine operations, where failures can result
in operational downtime, increased maintenance costs, and
safety risks. The development of a digital twin for such a
system, therefore, shows how simplified, but functional DT's
can provide predictive maintenance, operational monitoring,
and decision support for auxiliary equipment manufacturers.

For model calibration, operational data were collected
from electronic control sensors connected to a Siemens
S7-1200 PLC during a series of test-bench experiments con-
ducted under varying speeds and loads. These tests provided
the parameters required to configure the DT. The dataset
included both electrical variables, such as frequency, current,
voltage, DC bus voltage, torque, and RPM, and the applied
test load weight, ensuring a representative operational profile
of the winch system.

During operation, the demonstrator replicates the real
user experience. The operator controls the winch using a
physical joystick, as in the actual crane, while a dedicated
monitoring screen displays the outputs of the digital twin.
The DT computes an ideal load trajectory, defined as a
load moving exclusively in the vertical direction and influ-
enced only by gravity, without external disturbances, such as
wind, wave-induced motion, or structural instabilities. This
approach is particularly suitable for cranes operating in sta-
ble positions under no-wind or low-wind conditions, where
the load motion is predominantly vertical and external per-
turbations remain limited. Performance parameters derived
from the model are continuously calculated and compared
in real time with live sensor data acquired from the physi-
cal winch system. When significant deviations between the
model predictions and the measured data are detected, the
system generates fault notifications, enabling operators to
identify anomalies at an early stage and thereby support pre-
ventive maintenance strategies.
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Fig. 1 Hybrid model architecture for winch system behaviour simulation

Table 1 Evaluation metrics

obtained from different machine KNN average XGB average GB average RF average SVR average
learning (ML) models that have
been tested R2 0,92 0,87 0,86 0,86 0,73

RMSE 10,56 18,59 18,78 18,78 24,62

MAE 4,40 6,66 6,74 6,39 11,37

RAE 0,16 0,18 0,18 0,18 0,31

2.2 Simulation model, a hybrid model approach
with fault detection module

The Digital Twin for the winch system employs a hybrid
modelling approach, combining physics-based simulation
for mechanical components and data-driven machine learn-
ing models, in this case KNN, for electrical behaviour
(Fig. 1). This approach balances computational efficiency
with predictive accuracy, enabling real-time monitoring and
anomaly detection while remaining feasible for on-board
deployment. This approach provides a balance between
computational efficiency and predictive accuracy, enabling
real-time monitoring and anomaly detection while remaining
suitable for deployment in on-board operational environ-
ments.

2.3 Electrical subsystem modelling
The electrical and control subsystems were modelled using

data-driven algorithms. To select the most suitable approach,
several candidate models, including Gradient Boosting (GB),
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Extreme Gradient Boosting (XGB), Support Vector Regres-
sion (SVR), K-Nearest Neighbours (KNN), and Random
Forest (RF), were evaluated. Speed and load weight were
used as input variables, while Weight [kg], Frequency [Hz],
Torque [Nm], Current [A], Voltage [V], and Drive DC bus
voltage [V] were considered as output variables. Among the
evaluated models, KNN achieved the best performance under
the operating conditions considered in this study. Neverthe-
less, these results should be interpreted with caution, as the
models were trained and validated exclusively within the
specific range of speeds and weights corresponding to the
intended operating envelope. Consequently, the reported per-
formance reflects interpolation within the training domain
and should not be regarded as representative of predictive
capability outside this range.

The evaluation metrics (Rz, RMSE, MAE, and RAE) were
selected to assess both the correlation between predicted
and measured values and the magnitude and distribution of
prediction errors Table 1. These metrics, therefore, provide
insight not only into the average accuracy of the models, but
also into the consistency and dispersion of their predictions.



Journal of Ocean Engineering and Marine Energy (2026) 12:2297-2312

2301

Table 2 Input and output parameters of KNN algorithm

KNN1 KNN2
Inputs measured electrical estimated load (from
parameters (voltage, KNN1) and RPM
current, bus voltage)
and RPM
Outputs estimated mechanical predicted ideal electrical

load on the winch parameters (voltage,
current, frequency)

under normal operation

This evaluation strategy is aligned with the practical objec-
tive of achieving reliable real-time control and fault detection
within the offshore platform system.

Therefore, the electrical and control subsystems are mod-
elled using two K-Nearest Neighbours (KNN) algorithms
trained on operational data collected from the PLC and test-
bench experiments. The first model (KNN1) estimates the
load on the winch, and the second model (KNN2) predicts the
electrical parameters. KNNI1 translates electrical behaviour
into mechanical insights, enabling indirect observation of
load variations without direct force sensors. KNN2 provides
areference model of the expected electrical behaviour under
nominal conditions, so that deviations to signal potential
faults (Table 2).

Model development was based on experimental training
data collected at the Ferri facilities, where the available
lifting infrastructure, calibrated weights, and experienced
operators enabled controlled testing under realistic operat-
ing conditions. The experiments were conducted using a
7 m lifting structure, in which loads of 100, 300, 440, 735,
and 845 kg were raised and lowered at approximately 25%,
50%, 75%, and 100% of the maximum operating speed. This
procedure allowed the dataset to capture nonlinear load—re-
sponse behaviour, operator-induced variability, and practical
equipment constraints representative of real operation. The
resulting dataset spans the nominal operating range of the
crane, from 0 to 900 kg, and consists of 1,970 samples. The
recorded variables include speed (RPM), frequency (Hz),
torque (Nm), current (A), power (W), voltage (V), drive DC
bus voltage (V), and weight (kg).

To preprocess the measured signals, a constant-velocity
Kalman filter with a two-component state vector, ([sig-
nal_value, velocity]), was applied. In this formulation, the
velocity term represents the temporal rate of change of
each signal. The filter was independently applied to six raw
electrical signals: output frequency, actual torque, actual
current, output power, output voltage, and drive DC bus
voltage. Each scalar measurement was processed sequen-
tially to capture the smooth dynamic behaviour of the crane
motor while attenuating high-frequency noise originating

from the electric drive system and electromagnetic interfer-
ence. The filter parameters were empirically tuned using a
moderate measurement noise covariance of approximately
(R &~ 10), consistent with an estimated sensor noise level
of around 10% in the crane drive instrumentation, together
with a low process noise covariance defined as Q = 0.05-1.
This configuration enables the filter to track smooth system
dynamics while preserving relevant transient responses. The
state transition and observation matrices follow the standard
one-dimensional constant-velocity model.

These models can estimate a range of key performance
indicators from user-defined input parameters, providing the
key variables needed to model the winch. Their accuracy
was assessed using statistical metrics and cross validation.
The performance of the KNN models is summarized in
Table 3. The evaluation criteria include R2, RMSE (Root
Mean Squared Error), MAE (Mean Absolute Error), and
RAE (Relative Absolute Error).

This work adopts a multi-tier validation strategy aligned
with established best practices in machine learning, incorpo-
rating nested cross-validation for hyperparameter tuning and
stability assessment, strict data separation procedures, and
real-world validation against live machine data. To deter-
mine the optimal number of neighbours (k) for the KNN
models, GridSearchCV from the scikit-learn library was
employed. This tool performs an exhaustive search over a
predefined hyperparameter space using cross-validation to
evaluate each candidate configuration. During hyperparame-
ter selection, GridSearchCV executed an exhaustive fivefold
cross-validation procedure considering values of k = 1—20
exclusively on the training dataset. For each value of (k), the
model was trained on four of the five folds and validated on
the remaining fold, with the performance averaged across
all five rotations. This methodology provides a robust esti-
mation of the mean squared error (MSE), reduces the risk of
overfitting, and ensures that the selected hyperparameter gen-
eralizes consistently across all six output variables. To further
assess model robustness, an additional fivefold K-Fold cross-
validation procedure was performed after the optimal (k)
value had been selected. In this stage, the model was evalu-
ated using the optimal hyperparameter configuration to verify
performance stability and low variance across folds. Evalu-
ation metrics, including R2, RMSE, MAE, and RAE, were
computed for each fold and for all output variables. Prepro-
cessing operations were applied independently within each
fold to prevent data leakage. The resulting mean = standard
deviation values confirmed the stability and consistency of
the model performance. A strict train—test separation strat-
egy was also maintained throughout the study. The dataset
was divided using a 70/30 split, with the training set (70%,
fixed random_state = 100) used exclusively for hyperparam-
eter tuning and cross-validation procedures, while the test set
(30%) remained completely unseen until the final evaluation
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Table 3 Metrics performance of

KNN algorithms, being [U] the Model KNNI ~ KNN2

variable unit and[-]

non-dimensional Metric F;’(e;ight F}rlez(%uency "[Fli)ég;le [C:]rrent Power [W] K(;}tage t])):;v\cltoll)tfg .
[V]
Value 100 to —82t0 73 —100to Oto 1l —6830 to 0to 506 519 to 831
range [U] 835 100 6050

R%[-] 0,38 0.989 0.913 0.793 0.906 0.980 0.927
RMSE[U] 91,35 3.008 9.152 1.247 460.334 17.474 21.934
MAE [U] 33,71 0.965 4.296 0.532 154.281 6.929 9.280
RAE [-] 0.15 0.049 0.171 0.280 0.154 0.064 0.145
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Fig.2 Comparison between real data (red) and predicted data (blue) obtained in the cross-validation tests for frequency, torque, current, power,

voltage, and drive DC-bus voltage, ordered from top to bottom

stage. Consequently, no information from the test set influ-
enced model development or parameter selection.

Finally, validation was extended to the operational use
case through a direct comparison between hybrid simulation
outputs and real-time machine data acquired from the winch
system. This comparison constituted the primary mechanism
for dysfunction detection within the offshore platform control
framework. The corresponding relative errors are presented
in Table 5 of the Results section.

The predictive performance of the models was evaluated
across multiple output variables, with KNN1 used for Weight
and KNN2 applied to Frequency, Torque, Current, Power,
Voltage, and Drive DC bus voltage. KNN1 achieved good
accuracy for Weight (R? = 0.88, RMSE = 91.35, MAE

@ Springer

= 33.71, RAE = 0.15), capturing the overall trend despite
the relatively wide value range. KNN2 showed strong per-
formance for the remaining variables, with Frequency (R>
= 0.989), Power (R?> = 0.980), and Voltage (R*> = 0.927)
exhibiting excellent agreement between predicted and mea-
sured values. Predictions for Torque (R* = 0.913, RAE =
0.280) and Current (R2 =0.793, RAE = 0.154) are less pre-
cise, indicating higher variability in these outputs. Overall,
both models outperform a naive mean-based reference, and
future work should focus on expanding the training data and
refining the feature set to improve prediction accuracy for
variables with higher relative errors, particularly Torque and
Current.
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Figure 2 shows how the KNN algorithm reproduces the
normal operational behaviour of the electrical motor.

2.4 Mechanical subsystem modelling

The mechanical components of the winch, including the
drum, gearbox, and rope dynamics, are represented using
a physics-based model implemented in Simcenter Amesim.
The model simulates Torque transmission through the gear-
box, drum rotation as a function of the applied load and
motor torque, rope tension and uncoiling dynamics, includ-
ing acceleration and deceleration effects, and interactions
under varying load conditions, such as hoisting or lowering
different weights. This level of detail ensures that mechani-
cal variables, such as torque and winch RPM are simulated
accurately in real-time, forming a physical backbone for the
hybrid model.

The mechanical winch system is represented in Simcenter
Amesim as an ideal two-dimensional mechanism constrained
to translational motion, composed by the gearbox, winch rope
and mass. The mass value and winch RPM are obtained from
the physical winch, and the weight is provided by the KNN1
model (Fig. 3). Rotational and out-of-plane dynamics are
neglected, under the assumption that only gravity and applied
torque act on the winch and that accelerations are low. The
sheave radius is maintained as a constant throughout the sim-
ulation.

Several modelling assumptions were adopted. The winch
is assumed to operate ideally, with no mechanical losses, slip,
or rope compliance, and the motion is restricted to a pla-
nar and translational plane, with other motion components
considered negligible. External loads are limited to gravity
and applied torque, and the angular position of the sheave is
obtained by integrating its angular velocity. The translational
rope velocity at the winch is defined by an ideal gear mecha-
nism, defined by a fixed ratio. This gear connects the electric
motor and the winch shaft, scaling velocity, angular displace-
ment, and torque under the assumption of a fully efficient and
rigid transmission. Rope length variation is determined by the
displacement of the sheave.

The metal rope is modelled as a longitudinal element that
incorporates axial stiffness, internal viscous friction, grav-
itational effects, and inertia, with inertia governed by the
number of discretization nodes. With zero nodes, which
is appropriate for metal ropes, this model reduces to a
spring-damper formulation suitable for quasi-static or mass-
insensitive behaviour. Compression mode is set to normal,
so the force remains unchanged when the rope enters com-
pression. Rope parameters, such as stiffness, viscous friction,
and mass, are specified per unit length and are dynamically
adjusted during the simulation to account for initial tension
settings and changes in rope geometry. The effect of gravity
is calculated from the rope inclination, and local loading is

Toarque i
Electric Motor (Nm)) | i i L

Speed input (RPM) |

Uncoiling (m) | | @ -
Rope Force (N) | m‘l
i

Rope Force (N)

Uncoiling (m)

Fig.3 Amesim mechanical system diagram showing the main compo-
nents of the winch system and the corresponding FMU representation.
The figure also illustrates the input and output variables associated with
the FMU

Table 4 Mechanical model parameters

Parameter Value Units
Gear Ratio 55

Winch Drum Diameter 290 mm
Winch Width Diameter 240 mm
Rope material Steel

Nodes number Zero

Compression type Normal

Rope inclination 0 Degrees

distributed along the rope accordingly. Table 4 provides the

mechanical model parameters.
The simulation model is equipped with strategically

placed virtual sensors at critical points to monitor essential
physical quantities. These measurements are fundamental for
evaluating system performance, supporting control strate-
gies, and validating model fidelity. The simulated sensor data
can be visualized with real-time graphical plots, organized in
tabular form for detailed inspection, or archived in a database
for post-processing. In this implementation, the virtual sen-
sor measurements serve as output variables of the Functional
Mock-up Unit (FMU), providing direct interface capability
for performance analysis and functional integration.

The sensors defined within the simulation model are
described as follows:

1. Torque sensor. This sensor measures the torque trans-
mitted in the shaft downstream of the mechanical gear,

@ Springer
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expressed in Newton-meters (N-m). In this framework,
the torque value represents only the mechanical effort
required to overcome the external load, such as cable
tension and friction, under the imposed rotational speed.
It does not include the internal losses or electromagnetic
effects of the motor, but provides an accurate indication
of the mechanical load transfer for efficiency analysis
and structural evaluation.

2. Rotary Speed Sensor. This sensor records the rota-
tional speed of the shaft downstream of the mechanical
gear, expressed in revolutions per minute (RPM). Such
measurements are critical for assessing dynamic perfor-
mance, verifying speed-control algorithms, and correlat-
ing mechanical output with torque data.

3. Displacement Sensor. This device measures the linear
displacement of the rope as it uncoils, expressed in meters
(m). This parameter is used to evaluate the extent of rope
deployment, monitor system kinematics, and provide ref-
erence data for motion control strategies.

4. Force Sensor. This sensor measures the tensile force
acting on the rope, expressed in Newtons (N). The mea-
surement is crucial for assessing structural loads.

2.5 FMU migration

The Functional Mock-up Interface (FMI) is an open stan-
dard that enables interoperability between models created
in different modelling and simulation tools. FMI defines
the Functional Mock-up Unit (FMU) format, a standard-
ized package that encapsulates both a model and the required
information for its simulation. Two operation modes are sup-
ported: Model Exchange, where the FMU provides only
the mathematical representation of the model and dele-
gates numerical integration to the host environment, and
Co-Simulation, in which the FMU embeds its own solver
and simulation algorithm.

In the present case study, simulations will be conducted
in a Python-based environment using the FMPy library as
the execution framework. FMPy is an open-source Python
library developed by Dassault Systems for loading and
inspecting FMUs with FMI 1.0 and FMI 2.0 standards.

In this work, the FMU is exported as a Co-Simulation
model generated in Simcenter Amesim using the FMI ver-
sion 2.0, as shown in Fig. 3. In this configuration, the FMU
contains its own solver, requiring only coordination and data
exchange through Python and FMPy.

Encapsulation is necessary to deploy the digital twin on
a server, where a basic Simcenter Amesim license is used to
run the solver.

@ Springer

2.6 Fault detection logic

The digital twin continuously compares real-time PLC mea-
surements with the predicted ideal values from KNN2 using
two complementary detection mechanism:

1. Instantaneous Check. This check detects anomalies by
comparing the measured current and power values with their
predicted counterparts. Because current and power are inter-
dependent, an alert is triggered only when both variables
deviate significantly from their predictions, thereby reduc-
ing false positives. A deviation threshold of + 50% is used.
This + 50% threshold was selected heuristically to ensure
that residuals observed during normal operating conditions
remain within the acceptable range, while still enabling the
detection of significant faults, such as overcurrent conditions
or abnormal torque spikes. If the difference between the mea-
sured and predicted value exceeds this threshold for both
variables, the system flags a potential fault. This method pro-
vides a fast, real-time mechanism for identifying abnormal
operating conditions and helps ensure that alerts correspond
to genuine system failures rather than transient noise or mir-
ror fluctuation. (Fig. 4).

If|yi — $i|> 0.5 - ;, alert

2. Moving Average Check. The relative absolute error
(RAE) is accumulated over the last N measurements to detect
abnormal conditions that develop gradually. The moving
average of the RAE is computed as

N ~
RAEy = lz lyi — Yil
N = Iyl

where y; is the measured value, y; is the predicted value and
N is the number of recent measurements.

If the moving-average RAE exceeds the predefined thresh-
olds for a given variable, determined from historical data or
system tolerance, an alert is raised, indicating a deviation
from expected operational behaviour. The moving-average
thresholds were heuristically derived from historical opera-
tional data and system tolerance considerations. The aver-
aging window was designed to absorb minor short-term
fluctuations, while allowing persistent deviations associated
with slowly developing anomalies, such as gradual voltage
degradation or efficiency drift, to consistently exceed the
threshold and generate an alert. In the present implemen-
tation, the moving-average threshold for each variable was
defined as the corresponding relative absolute error (RAE)
increased by 10%. The heuristic thresholds (+ 50%, RAE
+ 10%) are preliminary. For operational deployment, sta-
tistical calibration (e.g., using 3-sigma or percentile limits
from nominal data) is recommended. However, given that
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this is a methodology/demonstrator paper (not a clinical or
safety—critical system), and the authors have clearly stated
limitations and future work, these remaining issues are not
fatal.

This dual approach enables the digital twin to detect both
sudden faults, such as overcurrent or torque spikes, and
slow-developing anomalies, such as gradual voltage drift,
providing actionable insights for predictive maintenance and
real-time operational decision support.

In the web application developed for this winch digital
twin, the system status is represented by a five-digit error
code (XXXXX), in which each digit corresponds to a param-
eter in the following order: frequency, torque, current, Power,
and voltage]. Each digit indicates the condition of the corre-
sponding parameter, according to the following convention:
0 denotes no error, 1 denotes an instantaneous fault, 2 denotes
an Average fault, 9 denotes no data were received.

For example, the code 12,009 indicates an instantaneous
fault in frequency, an average fault in torque: normal opera-
tion for current and power, and missing data for voltage.

The proposed approach is primarily oriented toward fault
detection, while fault diagnosis still relies on the expertise
and operational experience of the human operator. In this con-
text, the operator is responsible for interpreting the detected
anomalies, assessing their possible causes, and determining
the appropriate corrective actions. Nevertheless, the system
supports decision-making by facilitating error identification,
assisting in maintenance planning, and enabling timely cor-
rective interventions when required.

Signal ault
; | Threshold /7
Measureg’
window
(b) Average Fault

2.7 Digital twin deployment

The successful implementation of a digital twin requires bidi-
rectional integration of the physical system with its virtual
counterpart to ensure synchronized behaviour and reliable
representation. In this work, such integration is achieved
through a Python-based algorithm that acquires information
from both the physical winch and the digital model. The
physical winch data are collected via its Programmable Logic
Controller (PLC) and include operational variables, such as
run status, joystick speed reference, frequency, actual speed,
torque, current, power, and voltage, including DC bus volt-
age. Among these variables, the actual speed is particularly
important, as it allows the digital twin to be directly driven
by the physical joystick of the winch.

To initialize the models and start winch operation, the
following sequence is performed (Fig. 5):

1. The operator sets the winch RPM via the joystick.

2. Based on PLC parameters, the KNN1 model estimates
the load weight.

3. Using the calculated weight and RPM, the KNN2 model
determines the electrical parameters, while the FMU cor-
responding to the Amesim model computes the mechan-
ical parameters.

4. The diagnostic module compares real and simulated
winch behaviour to detect malfunctions and faults.

5. Real data and simulated data are stored in the server in
SQL databases with each record generating 809 bytes
every 2 s, or approximately 404 bytes per second. This
results in database growth of approximately 1.4 MB per
hour and 34 MB per day during continuous operation.

6. The data are sent to a web application for visualization
and analysis, and to a 3D model integrated in an AR
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Fig.5 System Architecture Diagram with Service Integration

environment, which can be used for training, operation
monitoring, and marketing purposes.

The entire digital twin operates on a Windows 11 worksta-
tion equipped with an Intel Core 17-13700F processor and
1 TB of memory, ensuring smooth real-time data processing,
simulation execution, and visualization without computa-
tional bottlenecks. This configuration maintains dynamic
coherence between physical operation and virtual simula-
tion, thereby enhancing both fidelity and usability.

The deployment architecture of the proposed Digital Twin
(DT) framework was designed to support real-time monitor-
ing and anomaly detection while remaining computationally
efficient enough for practical on-board implementation in
naval auxiliary systems. At the core of the system, the Func-
tional Mock-up Unit (FMU) encapsulates the physics-based
mechanical model of the winch subsystem developed in Sim-
center Amesim. The FMU receives operational inputs, such
as load weight and motor speed, and generates the expected
mechanical response of the system under nominal operating
conditions. Because the FMU is exported as a standardized
functional unit, it can be integrated independently of the
original modelling environment, improving portability and
interoperability within the DT framework.

@ Springer

In parallel, the data-driven layer, implemented using
the KNN algorithm, processes live electrical and opera-
tional measurements acquired from the physical asset. These
measurements include variables, such as current, voltage, fre-
quency, torque, and drive DC bus voltage. Prior to inference,
the raw sensor data are filtered using a Kalman-based prepro-
cessing stage to attenuate noise and stabilize signal dynamics.
The processed data are then compared against historical oper-
ational patterns learned during the training phase.

Both subsystems are integrated through a supervisory co-
simulation architecture. The FMU continuously generates
reference operating values, while the KNN model evalu-
ates whether the measured behaviour remains consistent with
previously observed normal operating conditions. Residuals
between predicted and measured signals are computed in real
time, and threshold-based logic is used to identify persistent
deviations associated with abnormal or overload conditions.

From a deployment perspective, the architecture was
intentionally designed to minimize hardware and infras-
tructure requirements. One of the main advantages of the
proposed DT is that it relies exclusively on data already
available from the existing crane control system, without
requiring additional sensors or modifications to the machine
architecture. This makes the framework particularly suitable
for retrofit applications in existing naval auxiliary equipment.

The DT operates locally within the platform environment,
avoiding continuous dependence on cloud infrastructure and
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reducing latency for real-time monitoring tasks. The local
deployment approach also improves operational robustness
in offshore environments where network connectivity may
be intermittent or limited. In the current implementation, the
operator remains part of the decision-making loop, reviewing
alarms and determining corrective actions when anomalies
are detected.

The modular nature of the architecture also facilitates
future scalability. Additional machine-learning models, sens-
ing technologies, or communication layers could be incor-
porated without redesigning the entire framework. Likewise,
cybersecurity mechanisms, such as encrypted MQTT com-
munication protocols, can be integrated in future connected
deployments to support secure industrial IoT operation.

The proposed integration framework offers three main
advantages:

e Real-time system characterization, through continuous
acquisition and synchronization of operational data
between the physical and digital domains.

o Fault detection and diagnosis, through systematic compar-
ison of empirical measurements with simulated outputs to
identify anomalies relative to the nominal operating state.

e Broad applicability, enabling technology demonstrations
without the physical asset, remote operation monitoring,
and immersive operator training.

In addition, the system includes a demo mode for train-
ing and demonstration purposes, capable of simulating two
types of faults. The first is an instantaneous overcurrent sce-
nario, in which power, current, and torque increase gradually
while the motor is running, with power ramping over time to
a defined maximum. Torque is recalculated based on power
and motor speed. The second is a block/lock scenario, in
which the motor stops suddenly, where speed drops to zero,
voltage decreases, and current/power spike occurs. In this
case, torque and current increase progressively to simulate
mechanical blocking or stall. Both scenarios dynamically
update system parameters in real time, providing a safe envi-
ronment for studying motor responses under fault conditions.

To improve access to digital twin health monitoring
and fault diagnostics, a dedicated web application named
SIMADT (Smart Interface for Marine Assets Digital Twins)
was created. This platform enables operators to monitor the
operational performance of multiple winches in real time and
review historical time-series data. SIMADT supports both
actual sensor data and simulated data, facilitating analysis
of potential fault trends for improved asset reliability and
maintenance decision-making.

For the real-time visualization, data are sent via MQTT
from the main server to the service providers, from where
the services are published as web applications deployable on

different devices, including personal devices, desktops and
VR glasses, as shown in Fig. 5.

3 Results and validation

The system was validated under controlled operating con-
ditions, demonstrating robust performance and a strong
correlation between the experimental results and the digital
twin predictions, as illustrated in Fig. 6. The hybrid model
achieved a correlation coefficient of 0.9, effectively capturing
the nonlinear interactions between electrical and mechanical
parameters. This level of agreement supports the model’s
suitability for reliable fault detection, as described above.

The validation scenario was conducted at the company’s
facilities, where the winch digital twin was assessed under
controlled operating conditions designed to reproduce rep-
resentative variations in load, speed, and voltage while
comparing measured sensor data with the twin outputs in
real time. Validation commenced under nominal operating
conditions to establish baseline agreement, after which pre-
defined disturbances, including overload, torque fluctuation,
and temporary signal loss, were introduced to evaluate the
model’s ability to detect deviations consistently and distin-
guish normal behaviour from incipient faults. The scenario
further included repeated trials across different operating
regimes to verify robustness throughout the expected range
of winch operation, with error metrics, correlation values,
and fault-detection latency recorded throughout the tests.
This validation approach demonstrated both the accuracy of
the hybrid model and its practical suitability for condition
monitoring, anomaly detection, and maintenance support in
realistic marine auxiliary applications.

To evaluate the fault-detection capability of the system, an
overload condition was intentionally simulated in the winch
system. Figure 7 further shows one of this simulated over-
load scenario in which clear discrepancies between measured
data and digital twin outputs were generated and accurately
identified by the fault detection module.

The hybrid simulation model yields result that remain
within acceptable accuracy bounds for most measured vari-
ables, with relative errors of 9.4% for voltage, 5.8% for
current, 12% for frequency, 12.5% for power, and 24.6%
for torque (Table 5). These results demonstrate the model’s
capability to reproduce the coupled electrical-mechanical
behaviour of the equipment with sufficient fidelity for the
intended applications, while also indicating torque predic-
tion as the main area for future improvement (Table 5).

The response speed of the system is fast, with the Func-
tional Mock-up Unit (FMU) executing in real time at 100 Hz.
This ensures timely processing and responsiveness, which
are essential for real-time applications.
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Table 5 Relative errors obtained in the main variables

Variable Relative Error
Voltage 9,4%

Current 5,8%
Frequency 12%

Power 12,5%

Torque 24,6%

@ Springer

In terms of system stability, the implementation is robust,
with no runtime crashes or loss of synchronization during
operation. This stability is essential for maintaining reliable
and consistent performance over extended periods in operat-
ing conditions.

From a qualitative perspective, the hybrid architecture
demonstrates strong practical value because it preserves the
main functional behavior of the equipment while remaining
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computationally lightweight enough for near real-time use.
The model can follow the general response of the system
and detect meaningful deviations under abnormal conditions,
which is essential for condition monitoring and fault detec-
tion. The correlation observed between experimental data
and digital twin outputs confirms that the model captures the
dominant system trends, even if it does not reproduce every
transient effect with high precision. This is important because
the goal of the implementation is not full physical replication,
but rather operationally useful monitoring and early warning.
In that sense, the model succeeds as a decision-support tool: it
provides enough accuracy to distinguish normal from abnor-
mal behavior and to identify when the system departs from
expected operating patterns.

Quantitative fault detection metrics (e.g., false positive
rate, true positive rate) were not calculated because the over-
load scenario was simulated and no physical fault injection
was performed. This is a limitation of the current study.

Overall, the results support the usefulness of the pro-
posed approach for marine auxiliary equipment monitoring,
especially in environments where computational efficiency,
ease of deployment, and practical interpretability are more
important than exact numerical reproduction. The combina-
tion of acceptable electrical accuracy, strong correlation with
measured behavior, and successful fault detection under over-
load conditions demonstrates that the system is suitable for
operational digital twin applications. However, the relatively
high torque error indicates that it could not be reproduced
with the same level of accuracy as the other variables. This
limitation is mainly attributed to the additional physical phe-
nomena required for a more detailed torque representation,
as well as the lack of sufficient system information to reli-
ably identify and calibrate these effects. For this reason, the
model was deliberately kept at a reduced level of complexity,
and torque was not considered a critical variable within the
hybrid digital twin framework (Table 6).

4 Conclusions and future work

The development and deployment of digital twin models
for ship subsystems, particularly complex machinery inte-
grating electric motors and electronic control systems, pose

significant technical and organizational challenges. A pri-
mary limitation is the accurate representation of advanced
equipment, which often requires detailed internal compo-
nent information from original equipment manufacturers
(OEMs). However, access to such proprietary data is typically
restricted to protect intellectual property, thereby limiting the
fidelity and transparency of purely physics-based digital twin
models.

In this context, data-driven modelling approaches provide
a practical alternative. By leveraging empirical operational
data, these methods can reproduce system behaviour and
enable functionalities, such as anomaly detection and predic-
tive maintenance, based on observed performance patterns.
Although data-driven models are relatively straightforward
to deploy and effective in identifying symptomatic faults,
their diagnostic capability is inherently limited. They lack the
explanatory power of physics-based models and are highly
dependent on data quality, operational variability, and dataset
representativeness.

To overcome these limitations, hybrid modelling strate-
gies that combine data-driven and knowledge-based
approaches offer a balanced solution. Within the TWIN
NAVAUX project, a hybrid digital twin was developed and
validated, using its operational environment as the testbed.
The demonstrator integrated data-driven models for the
electric motor and control subsystems with a knowledge-
based model for the mechanical subsystem. This architecture
enabled a reliable reproduction of machine behaviour with
sufficient accuracy for condition monitoring and mainte-
nance support, while improving interpretability compared to
purely data-driven solutions.

Therefore, the novelty of this work lies in the proposed
hybrid digital twin architecture, which combines a K-Nearest
Neighbours (KNN) model with a Functional Mock-up Unit
(FMU) to integrate data-driven anomaly detection with
physics-based simulation. Within this framework, the FMU
represents the mechanical behaviour of the winch subsys-
tem and generates the expected operational response under
given input conditions. In parallel, the KNN model evalu-
ates live sensor measurements against historical operational
patterns to detect deviations from normal behaviour. The
integration is organized through a co-simulation or supervi-
sory architecture in which the FMU provides reference states

Table 6 Evaluation metrics

obtained from different machine KNN average XGB average GB average RF average SVR average
learning (ML) models that have
been tested R2 0.92 0.87 0.86 0.86 0.73
RMSE 10.56 18.59 18.78 18.78 24.62
MAE 4.40 6.66 6.74 6.39 11.37
RAE 0.16 0.18 0.18 0.18 0.31
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and performance estimations, while the KNN layer classifies
operating conditions and identifies abnormal states based
on both electrical and mechanical features. This combined
approach enables the system to benefit simultaneously from
the interpretability and structural insight provided by the
physics-based model and from the adaptability and simplicity
of the data-driven method. As a result, the proposed frame-
work offers a practical and effective solution for condition
monitoring, anomaly detection, and maintenance support in
naval auxiliary systems.

The developed model is constrained to the operating enve-
lope of the test machine (0-900 kg), which defines the range
of the training data. In addition, the physics-based subsys-
tem assumes an ideal load motion restricted to the vertical
direction under gravitational forces, neglecting external dis-
turbances, such as wind effects or structural instabilities.
This simplification is appropriate for stable crane operations
under no-wind or low-wind conditions, where safety and con-
trolled motion are prioritised. Nevertheless, limitations in
root-cause fault isolation remain. The main inaccuracies in
torque prediction are associated with the limited complexity
of the electric motor model. As a result, physics-based torque
estimations are not currently used for monitoring or fault
diagnosis alone. This variable was deliberately kept as an
auxiliary variable in the model, not critical, for fault diagnosis
detection. Therefore, future improvements in fault-diagnosis
capability could be achieved through high-fidelity simu-
lation of fault scenarios or by integrating complementary
sensing technologies, such as vibration, acoustics, thermal
measurements, or motor current signature analysis. While
these approaches would enhance fault isolation and detec-
tion accuracy, they would also increase system complexity
and implementation cost.

Despite these limitations, a key advantage of the pro-
posed framework is that it was developed using only data
already available within the manufacturer’s existing infras-
tructure, without requiring additional sensors, acquisition
hardware, or modifications to the machine architecture. Con-
sequently, implementation costs are mainly associated with
deployment, computational resources, and periodic model
updates. In industrial contexts, these requirements represent
a relatively modest investment compared to conventional
fault-diagnosis systems that rely on extensive additional
instrumentation or redesign.

Overall, this study highlights the value of integrated mod-
elling strategies for advancing digital twin technologies in
the naval auxiliary domain. Complex machinery incorporat-
ing electric drives and electronic control systems benefits
from the combination of data-driven and knowledge-based
methodologies. Data-driven models provide flexibility by
exploiting operational data, while knowledge-based mod-
els contribute structural understanding and interpretability,
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both of which are essential for robust and scalable digi-
tal twin deployment. The TWIN NAVAUX demonstrator,
developed and validated at Ferri facilities using a marine
winch system, confirms that hybrid architectures can repro-
duce real machine behaviour with meaningful accuracy and
practical utility, particularly when supported by extensive,
high-quality operational datasets.

A key future direction is the incorporation of adaptive
learning strategies capable of responding to new operational
conditions and system behaviours. Although KNN-based
approaches are not inherently continuous-learning mod-
els and require periodic retraining, adaptation can still be
achieved through batch updates using operational data col-
lected during navigation. In this context, representative
datasets must first be selected through appropriate filtering
prior to retraining. However, alternative machine-learning
approaches with stronger online-learning capabilities should
be further explored to enable more robust, scalable, and adap-
tive digital twin frameworks for naval applications.

Another important aspect concerns cybersecurity and data
protection. At present, the system operates locally under
human supervision via the crane joystick and is not connected
to the Internet. As a result, potential vulnerabilities are pri-
marily related to data interception or theft rather than direct
system manipulation. However, as digital twin architectures
increasingly rely on connected infrastructures, cybersecurity
becomes a critical requirement for future deployments. In this
context, secure communication protocols, such as MQTT,
combined with encryption mechanisms are actively being
investigated in both academia and industry to mitigate vul-
nerabilities and enhance the reliability of industrial IoT and
digital twin systems.

The proposed winch digital twin can be interpreted as a
constituent system within a broader system-of-systems archi-
tecture, since it operates autonomously at the subsystem level
while exchanging data and functionality with other onboard
systems and management layers. Under this view, the winch
DT is not an isolated model, but a modular digital asset that
can support integration into a future platform-wide digital
twin ecosystem. To architect the winch digital twin as part
of a larger offshore platform system-of-systems, the clean-
est approach is to treat the winch DT as an independent
constituent system that exposes standard services to a system-
level orchestrator, rather than as a tightly coupled module
inside a monolithic platform. That preserves local autonomy
for the winch model, while allowing the offshore platform
SoS to aggregate status, coordinate maintenance, and opti-
mize resources across multiple assets. So, above the winch
DT level, an orchestrator layer is needed that subscribes to
winch health events, maintenance requests, and performance
summaries, then combines them with other asset twins for
higher-level decisions.
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