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Abstract

Autonomous navigation technologies have been widely adopted in the automotive and avi-
ation sectors, significantly reducing human-error-induced accidents and operational costs.
However, their application to maritime systems remains limited due to the complexity
of conventional propulsion systems. Electric propulsion ships, with well-defined system
boundaries and accessible operational data, offer a promising platform for autonomous
navigation. In this study, we propose an FMEA-guided selective multi-fidelity digital twin
framework for fault detection, where model fidelity is adaptively selected between low-
and high-fidelity models based on risk priority numbers derived from failure mode and
effects analysis. This approach enables selective execution of computationally expensive
models only under high-risk conditions, thereby improving computational efficiency. In
addition, a sliding window-based algebraic aggregation method is employed to achieve
lightweight and real-time fault diagnosis. The proposed framework is validated using
operational sensor data from a 100 kW electric propulsion ship under multiple fault sce-
narios, including power supply faults and signal anomalies. Experimental results show
that the proposed method reduces computational cost while maintaining stable real-time
performance, compared to conventional data-driven AI-based approaches. These results
demonstrate that the proposed framework provides an effective and efficient solution for
enhancing the reliability and safety of autonomous ship systems.

Keywords: autonomous ships; digital twin; electric propulsion; fault diagnosis; failure
mode and effects analysis (FMEA); fidelity selection; sliding-window aggregation

1. Introduction
1.1. Background

Autonomous operation technologies are rapidly gaining prominence across the mobil-
ity sector, particularly in aviation and automotive domains. This trend can be attributed to
the several advantages offered by autonomous systems in terms of operational efficiency.
For example, in the aviation sector, drone delivery reduces dependence on human labor,
thereby lowering personnel costs [1]. In the automotive sector, robotaxis can reduce energy
consumption by analyzing real-time data on traffic conditions, weather, and energy usage.
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Moreover, robotaxis facilitate in minimizing human errors that occur during manual op-
eration [2,3]. These examples illustrate technologies that have already reached advanced
stages of development and are progressing toward commercialization.

To align with these developments, the maritime mobility sector is placing increasing
emphasis on autonomous operations for ships. Human error accounts for approximately
85% of recurring maritime accidents, and issues, such as the aging of seafarers, have further
intensified the need to develop autonomous ships [4]. However, most propulsion systems
in currently operating vessels are based on internal combustion engines, which present
several challenges in the implementation of autonomous navigation. Internal combustion
engines involve complex interactions between multiple physical phenomena, including
combustion, heat transfer, and friction, which result in highly intricate system dynamics
and ambiguous system boundaries. This characteristic is inherently incompatible with
the high-precision model-based predictive control required for autonomous navigation
technologies [5–8]. By contrast, electric propulsion ships feature a relatively simple and
clearly defined structure, comprising a power generation source, switchboards, a power
converter, and an electric motor. In addition, key operational data, such as the current,
voltage, frequency, and state of charge (SOC), can be quantitatively measured. These data
exhibit linear or weakly nonlinear characteristics, thereby facilitating system modeling and
predictive control [9,10]. Accordingly, the adoption of electric propulsion is indispensable
for the practical realization of autonomous ship operations.

Autonomous navigation of ships can be categorized into four levels: Levels 1 and 2
correspond to manned vessels that require crew members to be onboard, whereas Level 3
enables remote control of the vessel from the shore. The final stage, Level 4, represents
fully unmanned autonomous ships, which constitutes the ultimate objective of autonomy
in maritime mobility [11]. However, unlike land-based systems, ships operate in isolated
maritime environments where immediate external assistance is unavailable in the event of
an accident. Consequently, delays in the initial response may lead to a rapid escalation of
damage, resulting in significant damage to both property and the environment. Therefore,
autonomous ship systems must incorporate fault detection and management frameworks
capable of promptly identifying system failures and executing optimized response pro-
cedures [12–15]. Furthermore, under actual maritime operating conditions, failures can
vary widely in terms of their type, severity, and frequency. Uniform responses to all types
of failures can result in inefficient resource allocation and potentially prevent adequate
responses to high-risk failures. Therefore, ensuring the safety of autonomous ships requires
appropriate fault diagnosis and management strategies.

Despite these requirements, existing maritime research has limitations. Digital twin
approaches have primarily focused on one-dimensional data visualization, while fault
diagnosis methods often rely on either single high-fidelity models or computationally
expensive artificial intelligence techniques. These limitations hinder the development of
efficient and scalable real-time diagnostic systems for autonomous ships operating under
diverse failure conditions.

Contributions of this study are summarized as follows:

1. Risk-based fidelity optimization framework:

This study proposes a novel framework that determines model fidelity using Risk
Priority Number (RPN) values derived from FMEA. High-risk failures are analyzed using
high-fidelity models (HFMs) for accuracy, whereas low-risk failures are handled using
low-fidelity models (LFMs) for computational efficiency. This risk-driven fidelity selection
approach has not been previously explored in maritime digital twin research.

2. Lightweight real-time fault diagnosis method:
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Instead of relying on computationally expensive artificial intelligence techniques, this
study introduces a sliding window algebraic aggregation method to reduce computational
overhead and enable real-time fault diagnosis. This design is particularly suitable for
operational environments such as autonomous ships.

3. Integration with real-world data and system validation:

A data pipeline was developed using real-world data collected from an electric propul-
sion ship and integrated with a remote-controlled user interface. The proposed framework
was validated using actual operational data, demonstrating its practical applicability.

4. Practical guidelines through propulsion system case study:

A case study on propulsion motor failure scenarios provides concrete guidelines for
diagnostic delay times and threshold setting, demonstrating that the proposed framework
is deployable in real-world systems.

5. Enhancement of safety in autonomous ship operations:

The proposed approach addresses critical risks associated with single-line propulsion
configurations, where failures may lead to total propulsion loss. By combining risk-based
fidelity selection with lightweight diagnostic structures, the framework improves the safety
and reliability of autonomous ships.

1.2. Literature Review

The most reliable approach for the fault diagnosis of a system is to compare the current
system state with its nominal condition. To achieve this, a nominal model that accurately
replicates the physical behavior of an actual system is required. In this context, digital twin
technology has recently emerged as a promising solution. A digital twin is defined as the
digital replica of a physical system [16]. This technology is primarily employed for real-time
monitoring, predictive maintenance, fault detection and diagnosis, and the optimization of
operational processes, thereby providing significant support for system operations [17–19].
However, in the maritime domain, digital twin applications have predominantly been
limited to external or structural representations of ships. Hence, as in other fields, there is a
growing need for digital twin research that integrates the internal systems of ships.

A critical consideration in digital twin modeling is fidelity, which refers to the accuracy
and complexity of a model and indicates the extent to which it can replicate an actual
system. Although ideal modeling would reproduce a real system with complete accuracy,
computational resources are inherently limited. Therefore, maintaining a balance between
model accuracy and computational cost is essential. Digital twin frameworks typically
employ high-fidelity models (HFMs) and low-fidelity models (LFMs). HFMs provide de-
tailed simulations of the behavior of a physical system. However, they are computationally
expensive and require long simulation times, making them unsuitable for real-time appli-
cations. By contrast, LFMs simplify specific details relative to HFMs, resulting in a lower
accuracy but significantly reduced computational costs and faster simulations, rendering
them more suitable for real-time applications. Given these characteristics, the fidelity of a
digital twin model must be selected based on the specific purpose of the simulation [20–22].

Applying the same fidelity level across the system is suboptimal: HFMs will be
impractical for real-time applications owing to their computational burden, whereas LFMs
will suffer from reduced accuracy. Therefore, to establish objective criteria for selecting the
fidelity level of a digital twin model, a systematic fault analysis step is required. This step
enables the selection of fidelity levels based on the severity of potential failures, thereby
optimizing computational resource usage. The fault tree analysis (FTA) is a technique that
traces the underlying causes of system failures. Unlike a simple enumeration of failure
modes, the FTA enables logical analysis of failure propagation. However, it primarily yields
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qualitative results, making it challenging to prioritize failures based on their likelihood
of occurrence or severity [23,24]. Consequently, high-criticality failures may not receive
timely attention, which is particularly hazardous for ships that do not feature immediate
external support.

The hazard and operability study (HAZOP) method is an additional qualitative ap-
proach primarily used to identify potential failure scenarios within process flows and devise
preventive measures. HAZOP is suitable for the systematic examination of abnormal states
and preventive action planning [25]. However, because its analysis is generally performed
at the process-line level [26–28], direct integration with ship operations is challenging, as
operational data in ships are typically collected at the component level.

By contrast, the failure mode and effects analysis (FMEA) can identify potential
component or system-level failures in advance, evaluate their impact on overall system
performance, and quantitatively assess risk [29–31]. The primary objective of the FMEA
is to prioritize high-risk failure modes for improvement. It is particularly suitable for
autonomous ships, where the early identification of failures and prioritization of coun-
termeasures are essential. The FMEA has been widely applied not only in safety-critical
industries, such as the aviation, automotive, maritime, and defense industries, but also
across the manufacturing, maintenance, and quality management domains [32–34]. More re-
cently, the FMEA has been integrated with digital twin and predictive maintenance systems,
extending its application to real-time fault diagnosis and countermeasure planning [35,36].

The selection of an appropriate fault diagnosis method is crucial for detecting failures
between digital twin models and actual ship operations employing data analysis. Among
the various fault diagnosis techniques, the adaptive window approach dynamically adjusts
the window size based on data variation, thereby enabling the sensitive detection of ab-
normal segments. However, because the window length is not fixed, this approach has
limited compatibility with digital twin models, necessitating additional data postprocessing
steps such as padding or masking [37–39]. Consequently, this method is unsuitable for
applications in ship-based digital twin systems, where real-time performance is critical. By
contrast, the sliding-window method partitions data into fixed-length segments, thereby
enabling fault diagnosis with consistent input sizes. This property ensures high compat-
ibility with digital twin models, eliminating the need for postprocessing. Moreover, the
sliding-window method is robust when applied to real-time data subjected to communi-
cation delays or noise [40–42]. Therefore, this study adopted the sliding-window method
owing to its superior performance in terms of real-time applicability, model compatibility,
and stability. Table 1 presents a summary of prior research on digital twins, model fidelity,
and fault diagnosis methods.

Table 1. Summary of prior research.

Ref. Approach/Method Limitations Fidelity

[43] Data-driven digital twin using
machine learning

High computational demand, lack of
physical interpretability

Data-driven
(not explicitly defined)

[44] High-fidelity multi-physics EV digital twin High model complexity and
computational burden High (fixed)

[45]
DT-based fault diagnosis using simulated
data + domain adversarial graph
neural network

High modeling complexity; domain gap
between simulated and real data High (physics-based, fixed)

[46] DT-based composite fault diagnosis using
virtual and real data

System-specific modeling; fidelity and
computational cost not explicitly analyzed Not explicitly defined

[47] DT-based gearbox fault diagnosis using
physical–virtual data fusion

Requires high-fidelity modeling and still
depends on limited real fault data;
virtual–physical data gap exists

High (physics-based, validated)
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Table 1. Cont.

Ref. Approach/Method Limitations Fidelity

[48]
DT-assisted fault diagnosis using virtual
data only with VMD-based
feature extraction

Difficulty in high-fidelity modeling;
virtual–physical data gap; limited
fault generalization

High (physics-based, fixed)

[49]
DT-based data augmentation for imbalanced
fault diagnosis using MDOF model and
FBC-GAN

Simulation–real data gap; dependence on
GAN mapping; need for real data; limited
data diversity

High (physics-based +
data-driven hybrid)

[50]
DT-driven partial domain fault diagnosis
using adversarial transfer learning with
weighting module

Virtual–physical distribution gap;
assumption on fault type coverage;
sensitivity to noise; limited accuracy

Moderate–High (validated
but imperfect)

[51]
DT-based aero-engine fault diagnosis using
deep multimodal fusion (DBM + MFNN)
with degradation adaptive correction (DAC)

Model mismatch; nonlinear system
limitation; noise sensitivity; difficulty in
PBM–DDM fusion

Moderate–High fidelity (validated
with real engine, but
mismatch exists)

[52]

DT-driven diesel engine fault diagnosis
using RF classification and
optimization–simulation coupled
virtual model

High database construction cost; system
complexity; dependence on virtual model
accuracy; use of simulated fault data

Moderate (validated
physics-based model)

2. Proposed Method
This study proposes a digital twin-based real-time fault diagnosis method for electric

propulsion ships that incorporates fidelity models selected based on the results of the
FMEA. The proposed method involves the following four steps:

Step 1: Operational data from an actual electric propulsion ship are transmitted in real
time to a shore-based control center.

Step 2: A digital twin ship modeled in a MATLAB/Simulink (ver. 2025a) environment
with the same configuration as a real vessel helps simulate the nominal operating state.
To accurately reproduce the physical behavior, the digital twin model includes detailed
implementations of key components such as the battery system, inverter, and propulsion
motor. In this stage, fidelity levels are determined based on RPN values derived from
the FMEA, considering both computational resources and real-time applicability. High-
risk components are simulated using HFMs to capture the detailed dynamics, whereas
low-risk components are modeled using simplified low-fidelity representations to enhance
operational efficiency.

Step 3: The nominal states generated by the digital twin are compared with real ship
data for fault diagnosis. For this purpose, we employed the sliding-window technique,
which partitions continuous data into smaller segments, making it highly suitable for
comparative analysis. Aggregation functions, such as MIN, MAX, and COUNT, are then
applied to determine whether thresholds are exceeded or to measure the frequency of
exceedances, thereby enabling fault detection.

Step 4: Finally, the system enables real-time monitoring of the fault occurrence.
Figure 1 shows an overview of the proposed framework, which combines fidelity

selection based on the FMEA with a digital twin for real-time fault diagnosis.
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Figure 1. Overview of the proposed fault diagnosis method with fidelity selection.

2.1. STEP 1—Measuring and Transmitting Ship Data

Table 2 presents the basic specifications of the 100 kW electric propulsion system
employed in this study.

Table 2. Specifications of the 100 kW electric propulsion ship.

Item Specification

Owner Korea Maritime & Ocean University, Marine Application Substantiation Technology Center (MASTC)
Vessel type Test vessel

Length/beam 8.0 m/2.5 m
Power output 100 kW
Power source 80 kW (Li-ion battery pack)
Main engine Permanent magnet synchronous motor (PMSM) 1 set

Inverter 120 kW × 1 unit
Propulsion motor 150 kW (peak) × 1 unit

The navigational equipment installed on the ship (e.g., radar, GPS) generated data
in the form of NMEA 2000 or NMEA 0183 signals, which were input into the central hub.
These data were then displayed onboard on a multifunction display (MFD) console. In addi-
tion, the same signals were converted into Ethernet format via a serial-to-Ethernet converter
and subsequently stored on an onboard server computer through LAN connections. Data
from the electric propulsion system, including the battery, inverter, and propulsion motor,
were transmitted via CAN 2.0b communication and displayed on an onboard digital cluster
monitor. In particular, the battery, which served as the ship’s power source, provided
real-time information, such as the current, SOC, and individual cell voltages, through the
cluster monitor.

All the measured data were collected using a dedicated data acquisition unit. This unit
receives current and voltage signals from various measurement devices and converts them
into analyzable data formats. The converted data were stored on an onboard PC using
Ethernet. Subsequently, the collected operational data were transmitted to the shore-based
control center through an LTE-based data link operating in an encrypted one-to-one VPN
environment. The transmitted data were automatically logged on the server at intervals
of 0.1 s. At the shore-based control center, a LabVIEW-based data acquisition system was
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deployed, enabling real-time monitoring of the ship’s operating status. Figure 2 illustrates
the real-time monitoring of the actual ship operation at the shore-based control center.

   

(a)  (b) 

Figure 2. Operation of an electric propulsion vessel: (a) CCTV footage; (b) Voyage track (Busan Port).

The following procedure must be performed to enable shore-based monitoring. First,
the NMEA 0183 signals received from the ship were parsed and converted into a format
identical to that displayed on the onboard MFD console. This conversion allowed the
operating status of the vessel to be accurately monitored, as if observed directly from
within the ship. For real-time data transmission and reception, a network stream protocol
implemented in the LabVIEW-based program was utilized. The network stream method
operates on a unidirectional communication structure, establishing a fixed one-to-one
communication channel between the sender and the receiver. This feature ensured rapid
data transfer and reliable communication without data loss. Moreover, LabVIEW provided
built-in network stream functions and related properties, which simplified system imple-
mentation [53,54]. Based on this approach, the data acquisition systems of both the actual
ship and shore-based control center were constructed using LabVIEW. Specifically, the
input and output of the NMEA 0183 signals were managed using LabVIEW on the server
and supervisory computers. Figure 3 illustrates the conversion and transmission flows of
the measured data.

Figure 3. Configuration of the network stream system in the 100 kW electric propulsion ship.
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2.2. STEP 2—Determining the Fidelity of the Digital Twin Model Using FMEA

The computation time of a digital twin is directly influenced by the accuracy and com-
plexity of the model, with higher accuracy inevitably leading to greater complexity. As a result,
the digital twin model may exhibit slower response times than the actual system, causing
time-delay issues. However, for real-time fault detection, the time difference between the
digital twin and real system must be minimized. This necessitates careful consideration of
model fidelity, which reflects both the accuracy and complexity of the model.

Fidelity is an indicator of how precisely and in detail a model reproduces the behavior
of an actual system. HFMs provide detailed representations of the target physical system,
capturing effects such as inverter switching harmonics. Although this enables highly
accurate simulation results, it also significantly increases computational costs and may lead
to time delays. By contrast, LFMs simplify the physical behavior by omitting specific details,
thereby reducing the simulation time requirements. However, this simplification inherently
reduces the accuracy compared with HFMs. Therefore, the selection of an appropriate
fidelity level must consider simulation objectives, hardware specifications, and operational
environment, particularly when real-time applications are required. In this study, a low-
fidelity inverter model was developed by simplifying its representation relative to its
high-fidelity counterparts. Specifically, an average model that approximates the behavior
of the inverter over the switching periods was adopted. This approach effectively reduces
the computational burden while still capturing the essential dynamics of inverter operation,
thereby achieving a balance between accuracy and efficiency.

To selectively employ models with different fidelity levels depending on operational
conditions, an objective selection criterion is required. The FMEA was adopted to establish
this criterion. Originally developed by the U.S. Department of Defense as a risk assessment
methodology to evaluate system reliability, the FMEA has been widely applied not only in
safety-critical industries, such as aerospace, automotive, maritime, and defense, but also
across the manufacturing, maintenance, and quality management domains [32–34]. More
recently, the FMEA has been integrated with digital twin and predictive maintenance sys-
tems, enabling real-time fault diagnosis and the formulation of response strategies [35,36].
The FMEA can be classified into three categories: design FMEA, process FMEA, and equip-
ment FMEA. For ship applications, the equipment FMEA is the most appropriate because it
focuses on analyzing the operational states of the vessel [55,56]. This method systematically
evaluates potential failures, their causes, consequences, and associated risks for each system
component [29–31].

The procedure of the FMEA is as follows. First, potential failures at the system or
component level were identified, and their effects on the overall system were analyzed. Sub-
sequently, each failure mode was quantitatively assessed in terms of the risk. Three criteria
were used for the evaluation: severity (S), which measures the seriousness of the effect of
failure; occurrence (O), which indicates the likelihood of failure occurrence; and detection
(D), which assesses the ability to detect failure in advance. Each criterion was rated on a
scale of 1 to 10, and its product yielded the RPN, which numerically represented the risk
level. A higher RPN indicates a higher priority for corrective action in the corresponding
failure mode [57,58].

In this study, the FMEA was conducted to determine the appropriate fidelity levels of
the models. The propulsion system was first decomposed into its constituent components,
and the specific functions performed by each component within the overall system were
defined. The potential failure modes were then enumerated for each component. For
every identified failure mode, its impact at the component level, as well as on the overall
system, was analyzed, and the underlying causes were systematically investigated. Based
on these analyses, severity, occurrence, and detection were evaluated, and the RPN was
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subsequently calculated. Typically, when the RPN is calculated as a simple arithmetic
product, equal weights are assigned to severity, occurrence, and detection [59]. However,
in this study, each factor had a different level of importance. To address this limitation, we
computed a weighted RPN that incorporated the relative significance of each factor. Based
on this, classification criteria for the weighted RPN were established, and models with
different fidelity levels were selectively employed on the basis of these criteria. Specifically,
values from 1 to 5 were considered low risk, values from 5 to 15 as moderate risk, and values
greater than 15 as high risk. Considering that ships are inherently vulnerable to failures
owing to their operational characteristics, the HFM was applied for the moderate-risk
category and above. Figure 4 illustrates the overall process of the fidelity model selection
based on the RPN. The specific data are provided in Appendix A.

Figure 4. Selection of fidelity model based on risk priority number (RPN).

The digital twin model of the electric propulsion ship was developed in MAT-
LAB/Simulink regardless of the fidelity level. For instance, when modeling an inverter,
the key difference between HFMs and LFMs lies in whether inverter switching is explicitly
simulated to reproduce the actual output waveform (HFM) or whether an averaged model
is employed to compute the output values (LFM). In an actual ship, the inverter operates
at a switching frequency of 12 kHz; therefore, in the HFM, both the simulation step size
and sampling period must be extremely small. This requirement significantly increases
computational demands, necessitating the use of high-performance CPU/GPU resources.

For the battery system, a library-based battery block was employed to construct a
baseline model using the battery parameters of an actual ship. To capture the dynamic
characteristics, additional resistance and capacitance were connected to the output of
the battery block. The system was then modularized into a subsystem by incorporating
an outport and a connection port. Moreover, to suppress the noise arising from power
semiconductor switching, a low-pass filter was added to the current measurement port.
Figure 5 illustrates the battery system used in the digital twin model.

For the inverter, different modeling approaches were applied to the HFM and LFM.
In the HFM, a universal bridge block was used to achieve modeling that was largely
identical to that of the inverter installed on an actual ship. The inputs were the DC link
voltage supplied by the battery system and the gate signals generated by the pulse width
modulation (PWM) controller, while the output was the three-phase AC power supplied to
the propulsion motor. Because the power semiconductor device used in a real ship is an
insulated-gate bipolar transistor (IGBT), the power electronic device was set as the IGBT. In
this case, the inverter was controlled using a PMSM field-oriented control block.
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Figure 5. Configuration of battery system.

By contrast, in the LFM, an averaged inverter model was implemented using the
PWM reference generator block. In the averaged model, the switching operation was not
simulated, and the calculated three-phase voltage commands were used as the average
voltages. Therefore, the high-frequency components related to switching cannot be repre-
sented, and analyses, such as total harmonic distortion (THD), are not feasible. However,
the reduced-order inverter model used in this study preserved the essential operational
characteristics, excluding the switching behavior, while reducing the computational cost
and simulation time.

Next, the inverter controller was configured using the PMSM field-oriented control
block. In this block, the proportional and integral gains of the speed controller were input
into the external loop tab, whereas the proportional and integral gains of the d- and q-axis
current controllers were input into the internal loop tab. In addition, the PWM tab was
used to set the PWM method and switching frequency for the controller configuration
separately. The controller transmits commands to the inverter to generate a specific voltage
and frequency through which the inverter regulates the propulsion motor speed. In other
words, the controller determines the voltage and frequency to be produced by the inverter,
and the inverter adjusts the propulsion motor speed accordingly. Figure 6 shows the models
of the inverter and inverter controllers.

 

(a) 

 

(b)  (c) 

Figure 6. Configuration of inverter: (a) Inverter; (b) Averaged model inverter; (c) Controller for inverter.
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The following equations represent the output voltage of the HFM inverter model
and the average reference voltage of the LFM inverter model, respectively. Unlike the
HFM model, which contains three switching functions, the LFM omits the switching
operation, thereby reducing the computational burden. vabc(t) denotes the three-phase
output voltage vector of the inverter, and vdc represents the DC-link voltage supplied
to the inverter. sa(t), sb(t), and sc(t) denote the switching functions of phases a, b, and
c, respectively. Furthermore, vavg

abc (t) denotes the averaged three-phase output voltage
vector of the inverter, and mabc(t) represents the modulation index vector for each phase,
where f (·) represents the nonlinear switching function that maps the DC-link voltage
and switching states to the three-phase output voltages. The three-phase voltage vec-
tor is defined as vabc(t) = [va(t), vb(t), vc(t)]

T . The switching functions sa(t), sb(t), sc(t)
are binary signals taking values of 0 or 1. The modulation index vector is defined as
mabc(t) = [ma(t), mb(t), mc(t)]

T .

vabc(t) = f (vdc, sa(t), sb(t), sc(t)) (1)

vavg
abc (t) = mabc(t)·

vdc
2

(2)

The transfer function of the outer-loop speed controller of the inverter is defined as follows:

Cq(s) = Kcq

(
1 +

1
Tiqs

)
(3)

The transfer function of the inner-loop current controller was applied identically to
both the d- and q-axes.

Cs(s) = Kcs

(
1 +

1
Tiss

)
(4)

Cq(s) denotes the transfer function of the outer-loop speed controller, and Cs(s) represents
the transfer function of the inner-loop current controller. Kcq and Kcs are the proportional gains
of the speed and current controllers, respectively, and Tiq and Tis denote their corresponding
integral time constants. The current controller is applied identically to both the d- and q-axes.
The variable s is the Laplace variable representing the system dynamics.

A PMSM block was used as the propulsion motor because the actual ship uses a
PMSM. In the block parameter window, values, such as the rotor type, stator resistance,
moment of inertia, and friction coefficient, were entered for the simulation. Figure 7 shows
the propulsion motor model.

Figure 7. Configuration of propulsion motor control.
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For the PMSM employed in the actual vessel, the following fundamental equations
were considered, and the model was developed accordingly.

The following equations represent the d–q axis voltage equations:

vd = Rsid + Ld
did
dt

− ωeLqiq (5)

vq = Rsiq + Lq
diq
dt

− ωe
(

Ldid + λpm
)

(6)

The flux linkage can be formulated as follows:

ψd = Ldid + λpm, (7)

ψq = Lqiq (8)

The electromagnetic torque is defined by the following equation:

Te =
3
2

p
(
λpmiq +

(
Ld − Lq

)
idiq
)

(9)

The following expression describes the rotational dynamics:

J
dωm

dt
= Te − TL − Bωm (10)

The following equation represent the angular velocity transformation:

ωe = pωm (11)

vd and vq denote the d-axis and q-axis voltages, respectively, while id and iq represent
the d-axis and q-axis currents. Rs is the stator resistance. Ld and Lq denote the d-axis and
q-axis inductances, respectively, and ωe represents the electrical angular speed.

λpm denotes the permanent magnet flux linkage. ψd and ψq represent the d-axis and
q-axis flux linkages, respectively, which are determined by the currents and the permanent
magnet flux. did

dt and diq
dt denote the time derivatives of the d-axis and q-axis currents.

Te denotes the electromagnetic torque, which represents the torque generated by the
motor. p is the number of pole pairs. J denotes the moment of inertia of the rotor, and ωm

represents the mechanical angular speed. TL denotes the load torque, and B represents the
viscous friction coefficient. The term Bωm corresponds to the viscous friction torque. The
phase currents are obtained from the inverse transformation of the d–q axis currents and
are used as outputs of the propulsion motor model, where t denotes time.

The block inputs were the three-phase power output from the inverter and the load
torque obtained from ship dynamics. The block outputs included the phase currents of the
propulsion motor, rotor angular speed, and motor output torque, which were transmitted
to the inverter controller and monitoring system.

This study focused on a propulsion motor without a redundant structure using a
digital twin model that considers fidelity. Because autonomous ships inherently operate
in environments in which providing internal and external support is challenging, a loss
of propulsion can lead to severe accidents. In particular, for certain ships wherein the
propulsion motor is employed in a single-line configuration, failures may have more critical
consequences compared with other components.
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2.3. STEP 3—Failure Diagnosis Based on the Sliding-Window Approach

In Step 2, a digital twin model was constructed to simulate the nominal operating
conditions of the actual ship. In this study, a fault was identified when the actual operating
data deviated beyond a specific threshold from the simulated nominal data. For example,
if the propulsion motor RPM decreased by more than 5% compared with the nominal state
or if a sudden overload persisted for a specified duration, the condition was classified as
a fault symptom. The condition of persistence for a specific duration was introduced to
avoid misinterpreting the initial startup of the propulsion motor as a fault. During the
initial start-up, known as the transient period, overcurrent inevitably occurs because of
the characteristics of the motor. Because this is a natural phenomenon that occurs during
normal operation, these conditions were excluded to prevent misclassification as faults.

This fault diagnosis approach is analogous to the process, wherein a ship engineer
identifies abnormalities at an early stage by empirically assessing the current condition
of the system. In conventional shipboard alarm monitoring systems (AMSs), abnormal
condition is determined when a sensor measurement exceeds a predefined threshold. By
contrast, the method proposed herein can play a critical role in terms of risk management.
Risk management refers to identifying and analyzing potential hazards to minimize losses,
which is consistent with the objectives of this study.

Consequently, a sliding-window technique was applied to the fault detection pro-
cess. When applying this method, the window size must be set to ensure that temporary
anomalies do not exert an excessive influence on the diagnostic results. Simultaneously, the
window size should be adjusted to minimize the time delay associated with event detection.
This approach allows trends to be identified by sufficiently reflecting past data within the
data stream while maintaining balance so that essential data are not diluted by an excessive
amount of information. Because the most recent data generally have the highest relevance,
a sliding window provides an intuitive means of emphasizing them [52].

In the proposed fault diagnosis framework, algebraic aggregation functions, such
as the average, were applied to ensure computational efficiency. Algebraic aggregation
allows for the combination of multiple distributed aggregation functions (e.g., Sum, Count)
to produce results, thereby enabling the representation of complex statistical values in
a relatively simple form. This makes the proposed framework particularly suitable for
real-time streaming data processing and sliding-window-based computation environments.
In addition, it provides the advantage of efficiently calculating various statistical values
such as the mean, standard deviation, geometric mean, and range. In this study, the Sum
and Mean functions were used to diagnose different types of faults. Figure 8 presents an
overview of Step 3.

Figure 8. Flowchart of fault detection using sliding window.
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Table 3 lists the parameters used to apply the sliding-window technique. In addition,
the equations presented below show how the algebraic aggregation functions employed in
the sliding-window method are utilized.

x = {x1, x2, . . . , xT} (12)

X(i) = {xi, xi+1, · · · , xi+W−1}, i = 1, 1 + s, 1 + 2s, · · · (13)

Table 3. Parameters for Sliding Window-based Fault Diagnosis.

Symbol Definition Symbol Definition

x Original time-series data y(i) Aggregated output
of window

W Window length τ
Threshold for
fault detection

s Stride (step size for shifting the window) ŷ(i)
Predicted/expected
outputted from the
digital twin model

X(i) Subsequence extracted at window starting index i k Repetition criterion
f Aggregation function (e.g., sum, mean, max, min) Fault(i) Fault decision function

For each window, an aggregation function f , such as Sum, Mean, Maximum, or
Minimum, was applied to compute the corresponding value.

y(i) = f
(

X(i)
)

(14)

Fault(i) =

{
1, i f

∣∣∣y(i) − ŷ(i)
∣∣∣ > τ

0, otherwise
(15)

Fault(i) =

{
1, i f ∑i+k−1

m=i Fault(m) ≥ k
0, otherwise

(16)

2.4. STEP 4—Monitoring

At the shore-based control center, the status of current, voltage, temperature, and
other parameters transmitted from the actual ship via LTE can be monitored. The state of
the digital twin model, which simulates the nominal conditions based on real ship data,
can also be observed. This setup allows the present conditions to be checked and, by
analyzing the error between the real ship and the digital twin model, faults can be detected.
Actual data are continuously displayed, and when a fault occurs, the fault status is shown
alongside the corresponding data.

Figure 9 shows the user interface (UI) of the integrated monitoring system linked with
the digital twin, which enables real-time monitoring of the operating status of the ship
from the shore-based control center. Here, (a) represents the main UI screen for checking
the overall system status, (b) the main screen displaying the key operating data, and (c) the
battery cell voltage screen for detailed monitoring of the cell voltage states.
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(b) 
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Figure 9. User interface (UI) of integrated monitoring system connected to the digital twin: (a) UI
Main; (b) Main; (c) Battery cell voltage.

3. Results
Prior to the fault diagnosis results, the operational characteristics of the HFM and

LFM were verified under nominal conditions. The analysis confirmed that, except for the
transient region, the system behaviors of the two models were nearly identical across most
operating ranges. In addition, the HFM output included harmonic components resulting
from the switching operations, and a torque ripple similar to that observed in the actual
propulsion motor output. Figures 10–12 respectively present the propulsion motor RPM of
the HFM and LFM, propulsion motor output torque, and inverter output current.
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Figure 10. Simulation results of propulsion motor speed (RPM) under nominal condition.

Figure 11. Simulation results of propulsion motor output torque under nominal condition.

Figure 12. Simulation results of inverter output current under nominal condition.

To validate the proposed method, experiments were conducted on two fault modes
that simulated fault data commonly occurring in electrical and mechanical systems.

In Case 1, a specific component of the system is assumed to be fixed in a damaged
state or that it exhibits a certain degree of performance degradation. In this fault mode, the
scenario of a rope being entangled around the propeller after the propulsion motor starts
was considered. This represents a case wherein a sudden overload of constant magnitude
is applied to the propeller or shaft, thereby creating a continuous deviation. The fault
mode was evaluated by classifying the faults when the average error over a specific period
exceeded 10% of the reference value.

Figure 13 shows the onset of abnormal load torque, which occurs 2 s after the start of
the simulation. Figure 14 confirms that an abnormal load current occurs simultaneously,
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also 2 s after the start of the simulation. Figure 15 shows that when the average error value
within the sliding window exceeds a preset threshold, the condition is recognized as a
fault. Although the system was in a transient state up to 0.5 s following startup, this was
not classified as a fault. However, the error signal occurring at 2 s is recognized as a fault
1.2 s after its occurrence. This represents the optimal time for fault determination. The
proposed approach exhibits behavior different from that of a conventional AMS, in which
an abnormal condition is declared when the measured value exceeds the threshold for a
specified duration.

Figure 13. Case 1—Results of propulsion motor output torque under entanglement fault condition.

Figure 14. Case 1—Results of propulsion motor phase current under entanglement fault condition.

Figure 15. Case 1—Results of fault detection under entanglement fault condition.
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In Case 2, a fault is assumed, which is characterized by periodic oscillations that occur
under a mechanical imbalance or cyclic load fluctuations. Unlike Case 1, in which a sudden
overload occurred, this case did not exhibit distinct instantaneous changes in the measured
values, making fault detection relatively more challenging. In this fault mode, an abnormal
torque ripple with a constant period is assumed to occur after the propulsion motor starts,
caused by issues such as bearing faults in the shaft system. This fault is characterized by a
torque ripple whose error exceeds a specific proportion of the reference torque.

Figure 16 shows that an abnormal oscillating torque occurs after the start of the
simulation. Figure 17 indicates that an abnormal load current has occurred under the same
conditions. However, the deviation was minimal, with the current being only slightly
higher than the reference phase current, making it difficult to clearly identify a fault.
Nevertheless, Figure 18 shows that after passing through the transient state (approximately
0.5 s) following startup, a momentary error occurs at approximately 1.1 s, and the system
subsequently detects the increase in error magnitude. From this point onward, the number
of error occurrences within the sliding window was counted, and the fault was confirmed
at approximately 2.7 s. This type of fault is challenging to detect using a conventional AMS,
which can only identify faults when the threshold is exceeded for a specified duration and
cannot detect faults characterized by periodic fluctuations.

Figure 16. Case 2—Results of propulsion motor output torque under periodic load fluctuation.

Figure 17. Case 2—Results of propulsion motor phase current under periodic load fluctuation.
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Figure 18. Case 2—Results of fault detection under periodic load fluctuation.

4. Discussion
The validation was conducted employing a single vessel and a limited set of operating

scenarios. Therefore, the performance may vary with different ship types or operational
profiles. Furthermore, due to constraints on the number and placement of sensors, the
sensitivity of observations to certain phenomena may have been insufficient, and additional
validation is needed for environments with greater temporal variability. Finally, this study is
limited by the fact that statistical optimization of the threshold settings was not performed.

Accordingly, future research directions must include extending the scope beyond
propulsion motors to cover batteries, cooling systems, gear/shaft systems, and power
converters with internal faults while also considering compound and multiple-fault scenar-
ios. In addition, robust performance under changing environmental conditions could be
achieved by introducing threshold automation based on receiver operating characteristic
and precision–recall curve analyses, along with adaptive adjustment of the window length,
stride, and repetition criteria. Nevertheless, the proposed approach is fundamentally based
on a generic structure and procedure, which suggests that it can be applied to different
vessel types (e.g., large merchant ships, passenger vessels, and small crafts) and a range
of load conditions (e.g., diverse operating modes, load fluctuations, and sea states). This
suggests that, despite the identified limitations, the method can be effectively extended to
broader maritime applications.

This study presents a practical alternative for real-time fault monitoring by combining
risk-based fidelity selection with lightweight real-time diagnosis, employing a simple and
interpretable procedure for comparing real ship data with digital twin model outputs.
The detection delays observed in Cases 1 and 2 demonstrate that the proposed method
responded rapidly and reliably to distinct anomaly patterns. Further developments, such
as threshold optimization, expansion of target systems, and validation in connection with
standards, are expected to help extend this framework to an integrated digital-twin-based
fault diagnosis system for autonomous ships, simultaneously enhancing both safety and
operational efficiency.

5. Conclusions
This study developed a lightweight real-time fault diagnosis framework that selects

model fidelity (HFM/LFM) based on the RPN obtained from the FMEA and employs a
sliding-window technique. The proposed method was validated using real operating data
with a sampling interval of 0.1 s, collected from an actual electric propulsion ship. Fault
modes focused on the propulsion motor were simulated and linked with the corresponding
digital twin model. The results confirmed that the proposed framework provides stable
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diagnostic performance that satisfies real-time monitoring requirements while reducing
the reliance on computationally expensive learning-based artificial intelligence, thereby
demonstrating its applicability to autonomous ships.

Employing RPN-based selective fidelity allocation, computational resources were con-
centrated on high-risk components, and the use of the mean deviation and repetition count
within the sliding-window method enabled the efficient detection of continuous and periodic
anomalies. In addition, the likelihood of false alarms was reduced by excluding the transient
start-up period in advance and setting thresholds depending on the operating environment.

When the HFM is uniformly applied to all components, the real-time performance
deteriorates, whereas the uniform application of the LFM results in the inability to capture
detailed phenomena such as harmonics or ripples. The selective hybrid strategy proposed
in this study achieved a balanced trade-off: HFMs were assigned to high-risk components
to ensure diagnostic sensitivity, and LFMs were applied to low- and medium-risk areas
to secure computational margins. Algebraic aggregation, based on the mean and count,
demonstrated robustness even in streaming environments subject to communication delays
and sensor noise. Furthermore, the simplicity of the proposed framework facilitated inter-
pretation by operational and maintenance personnel. Compared with methods requiring
large-scale learning and inference pipelines, this approach offers lower deployment and
maintenance costs, along with improved interpretability.

In Case 1, a sudden and sustained overload condition was simulated, and a fault
was declared when the mean deviation between the digital twin model and the actual
ship exceeded a specified threshold owing to the rapid increase in the torque and current.
The average detection delay was approximately 1.2 s. In Case 2, a periodic ripple caused
by mechanical imbalance was simulated. To incorporate cases where a single threshold
exceedance was minor, a repetition count was applied within the sliding window. In
this case, the average detection delay was approximately 2.7 s, and the periodic ripple
characteristics were stably detected without excessive false alarms. These results indicated
that the proposed framework operated robustly against variability and noise in real-world
data by addressing continuous-deviation-type anomalies (Case 1) and periodic anomalies
(Case 2) using different aggregation rules.
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Abbreviations
The following abbreviations are used in this manuscript:

SOC State of charge
HFMs High-fidelity models
LFMs Low-fidelity models
FTA Fault tree analysis
HAZOP Hazard and operability study
FMEA Failure mode and effects analysis
RPN Risk priority number
MASTC Marine Advanced Ship Technology Center
PMSM Permanent magnet synchronous motor
MFD Multifunction display
PWM pulse width modulation
IGBT Insulated-gate bipolar transistor
AMSs Alarm monitoring systems
UI User interface
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