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Abstract

Maritime Autonomous Surface Ships (MASS) are expected to revolutionise the

maritime and shipping industries benefiting the operations sustainability, whilst

enhancing safety and resilience. However, the unmanned operations of MASS present

immense challenges pertaining to emergency responses, including shipboard cor-

rective maintenance. Prognostics and Health Management (PHM) systems and

their applications to ship machinery have received increasing attention as means

of addressing these challenges. PHM systems require data-driven models to esti-

mate machinery health status, the development of which, however, is impeded by

the scarcity of data representing anomaly conditions and stochastic degradation of

machinery components. This study aims at advancing PHM in maritime systems by

developing digital tools, namely physics-based digital twin and data-driven PHM

model, as well as frameworks to evaluate and manage their trustworthiness. The first

digital tool is the digital twin that integrates thermodynamic models, component

degradation models, and sensor models, while ensuring its trustworthiness by using

a framework that uses the steps of validation, verification, and robustness. The

second digital tool is the data-driven models for fault diagnosis and health prognosis,

including Health Indicator (HI) construction and forecast sub-tasks. The data-driven

methods for each sub-model are systematically selected and integrated to develop

a comprehensive PHM model, which subsequently supports maintenance decision

making by estimating the Remaining Useful Life (RUL) of the components. The

trustworthiness of data-driven models is managed throughout the engine lifetime

considering accuracy and robustness metrics. A marine four-stroke engine is used

as a reference system, assuming that its cylinder valves degrade according to differ-

ent stochastic degradation patterns. The novelty in this research stems from the

integration of methods to develop digital tools and frameworks that ensure their

trustworthiness while addressing real-world challenges in the maritime domain.
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Chapter 1

Introduction

1.1 Digitalisation in the Maritime Industry

The maritime industry transports over 80% of the world trade by volume, a depen-

dency that is anticipated to grow in the foreseeable future [1]. The maritime industry

faces significant pressure to improve sustainability while remaining competitive,

leading to an increased interest in digitalisation technologies [2]. Digitalisation trans-

forms business models and introduces new value-producing opportunities through

the implementation of cutting-edge technologies, including autonomous vehicles

with robotics, artificial intelligence, big data, virtual/augmented/mixed reality, the

internet of things, cloud computing, cyber security, and 3D printing [3].

Digitalisation in the maritime industry is expected to improve the productivity,

efficiency, sustainability, and safety of ship operations [4, 5]. Despite the benefits of

digitalisation, the maritime industry has a relatively slower adoption compared to

other transport industries [6, 7]. This is primarily attributed to the conservatism of

the maritime industry and the technical challenges posed by the dynamic nature of

ship operations, as well as the extent of the ship systems operating envelope [8]. For

reliable operations with digitalised systems in real-world scenarios, the system must

demonstrate its capability across a wide operating envelope [9].

The advanced digitalisation technologies have effectively managed complex, high-

dimensional, and noisy datasets [10]; however, their performances in a wide operating

envelope have not been explored. Furthermore, the growing complexity of the

maritime systems introduces new risks [11], necessitating thorough research to

1



CHAPTER 1. INTRODUCTION

identify the risks and manage the unforeseen safety issues with digitalised systems

[12].

1.1.1 Maritime Autonomous Surface Ships

Maritime Autonomous Surface Ship (MASS) is one of the major applications in

the maritime digitalisation research domain. Recent studies on autonomous ship

technology classified Key Enabling Technology (KET) at Technical Readiness Level

(TRL) 7 [13], indicating prototype testing in relevant environments. During the

past decade, numerous projects have been conducted to advance and demonstrate

KETs for autonomous shipping. Despite these efforts, unmanned operations remain

unachieved, and autonomous operations still depend on remote human intervention

[14].

Table 1.1 presents a summary of operating area and power sources in commercial

projects that include shipbuilding. Current technology level limits the operating

area of autonomous shipping to inland waterways or short-sea shipping [15]. The

limitations in operational areas are attributable to the maintenance requirements

of the machinery systems, as the probability of system failure increases with the

duration of the voyage under unmanned conditions [16]. To reduce maintenance

frequency, most projects, apart from SeaShuttle, employ battery packs as their main

power source; however, their low energy density (1,224 kJ/kg) imposes limitations

on the sailing distance [17]. A hydrogen-powered fuel cell is used for the SeaShuttle

project; however, the economic feasibility of the fuel cell is low compared to the

conventional marine engine system at the current price point [18]. Research on the

design of machinery systems and their management strategy is required to expand

the operating area of autonomous shipping.

The MASS is anticipated to improve the efficiency of maritime transport and

address the current challenges of the maritime industry. Shipping companies are

currently facing difficulties in recruiting high-quality seafarers. The harsh working

and living conditions have led to dissatisfaction of the crews, resulting in their

resignations [19]. The shortage of high-quality crews threatens the safety and

sustainability of the shipping industry [20]. The implementation of MASS under the

remote control concept is expected to attract high-quality workers to the shipping

2



CHAPTER 1. INTRODUCTION

Table 1.1: Commercial autonomous ship projects

Starting Vehicle Technology Control Operation Power
Year Name Provider Method Area Source

2017 YARA Birkeland Kongsberg Remote controlled
Short Sea

(30 Nautical Miles)
Battery

(7–9 MWh)

2020 ASKO Kongsberg Remote controlled
Short Sea

(Coastal Terrain)
Battery

(1.846 MWh)
2021 SEAFAR Alewijnse Remote controlled Inland Waterway –

2022 Reach Remote Kongsberg Remote controlled
Short Sea

(Offshore Area)
Main Engine with

Battery (369 kWh*2)

2022 SeaShuttle Ocean Infinity Remote controlled Short Sea
Hydrogen-powered
Fuel Cell (3.2 MW)

2022
Ekornes and
DB Schenker

Kongsberg Remote controlled
Short Sea

(23 Nautical Miles)
Battery

(600/1200kWh)

industry and mitigate the issue of crew shortages [21] by shifting hazardous and

physically demanding onboard duties to shore-based monitoring duties [22].

Moreover, the MASS reduces operating cost and provides economical advan-

tages. The removal of hotel systems for supporting crews not only reduces the

cost of shipbuilding, but also reduces the weight of the vessel, energy consump-

tion and maintenance requirements [23]. According to the findings of the DNV

project “ReVolt”, the deployment of autonomous ships equipped with state-of-the-

art efficiency-improving technologies can result in a cost savings of 48 million USD

over a 30-year operating lifetime [24].

From a safety perspective, the implementation of MASS is anticipated to reduce

the incidence of maritime accidents, which serves as the primary motivation for

initial research into autonomous ship technologies [25]. According to the 2023 annual

overview of marine casualties and incidents report, human factors were involved in

80.7% of the investigated marine casualties and incidents [26]. The finding indicates

that human attributes such as misinterpretation, negligence, and fatigue contribute

significantly to a substantial number of maritime accidents. Autonomous shipping

has the potential to eliminate human-related errors, thereby reducing maritime

accidents.

Despite the aforementioned advantages, the implementation of autonomous ship-

ping remains delayed by a significant challenge associated with emergency responses.

In unmanned operational scenarios, the absence of onboard crews and corrective

maintenance means that even minor malfunctions in machinery systems can lead to

loss of propulsion power [27]. The deployment of MASS within maritime logistics

necessitates that the reliability of their machinery systems matches or exceeds that of
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conventional vessels [28, 29], as stakeholders are reluctant to entrust their services to

unreliable transport [30]. Consequently, research on machinery health management

systems is required to ensure the reliability of autonomous ship machinery systems

[31].

1.1.2 Prognostics and Health Management System

Maintenance is of paramount importance for managing maritime machinery systems

reliably and cost-effectively. During the past few decades, a range of maintenance

strategies, including corrective, preventive, and predictive approaches, have evolved,

as illustrated in Figure 1.1 [32].

The corrective maintenance strategy involves a run-to-fail approach in which

repairs or replacements are performed upon component failure. This strategy is pre-

ferred when the consequence of failure is minimal; however, it increases maintenance

cost and risk of downtime compared to other strategies [33].

The preventive maintenance strategy implements early actions to avoid potential

future anomalies. There are two predominant approaches for scheduling maintenance:

time-based and usage-based approaches. The former relies on pre-established time

intervals, whereas the latter considers actual operational cycles [34].

The predictive maintenance strategy includes three approaches: Reliability-

centred, Risk-based, and Condition-based approaches. The reliability-centred ap-

proach determines the maintenance requirements to ensure the continuous operation

of critical components [35]. The risk-based approach prioritises the likelihood of any

failure and its consequences [32]. This approach aims to minimise the frequency

of failure and mitigate overall risk [33]. The condition-based approach aims to

detect early signs of failure and perform maintenance based on the estimated health

condition of a reference system [36]. Increasing interest in multi-component system

management, coupled with rapid advances in data-driven technologies, makes the

condition-based strategy a leading maintenance strategy for maintenance scheduling

[37]. This approach has evolved into Prognostics and Health Management (PHM),

including a comprehensive process from data acquisition to decision making [38].

Recent studies on maintenance strategies have evolved towards prescriptive

maintenance, offering actionable recommendations and optimising maintenance
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processes [39]. Nonetheless, these methods remain underdeveloped and are not yet

widely adopted.

Figure 1.1: Maintenance strategy evolution

The PHM system can assess the current and future health status of ship machinery

systems [40], thereby enabling optimal maintenance decision making [41]. PHM

systems increase the reliability of ship machinery systems and reduce system downtime

[42], subsequently supporting MASS operations under unmanned conditions [43].

However, the advancement of PHM technology is impeded by data-centric challenges,

including the scarcity and incompleteness of measurement datasets [37]. Acquiring

datasets that comprehensively represent machinery health conditions is a massive

challenge due to the varying operational environments within a wide operating

envelope of ship machinery systems [44]. The operations of ship machinery systems

are influenced by environmental conditions, as well as the presence of faults and

degradation within sub-systems. Typically, shipboard-measured datasets represent

only a limited operating envelope in healthy conditions [45, 46] of well-maintained

machinery systems [47].

To address the challenge of limited data availability, several studies employ data

augmentation techniques, while frequently neglecting interactions with other system

components [48]. Moreover, some researchers employ simulations with Digital Twin

(DT) to generate data; however, their trustworthiness is often insufficiently addressed.
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These artificial datasets do not adequately represent the complex behaviour of ship

machinery systems, as machinery operation is an intricate phenomenon governed

by both internal and external variables. To effectively augment anomaly data, it is

essential to consider a system-level perspective that comprehensively accounts for

interactions and interdependencies among system components [49].

1.2 Maritime Industry Outlook

Maritime 4.0 is defined as the integrated implementation of digital technologies

in vessel design, vessel construction, operation, and management [50]. Since 2011,

there has been a significant increase in research publications related to Maritime

4.0; however, the technologies supporting Maritime 4.0 remain underdeveloped and

require extensive research [51].

With respect to MASS, the benefits of autonomous shipping are widely ac-

knowledged among stakeholders; however, technological maturity [52] and extensive

changes in the business model [53] require a more extended time frame. A major

upgrade or replacement of the existing system leads to high investment costs and

risks; however, their pay-off from the investment is not guaranteed to the maritime

stakeholders [54]. The realisation of fully autonomous shipping is undoubtedly a

long-term goal [55]; however, in progression towards this goal, the maritime industry

will implement digitalisation technologies and reduce onboard crew numbers [5].

Favourable experiences derived from the implementation of semi-automated systems

during this transition period will accelerate the progress toward fully autonomous

shipping [15].

Toward the digitalisation of the marine industry, the research opportunities are

identified as follows:

1. The maritime industry has employed automation technologies to assist human

operators and gradually replace the human operator’s role. The advancement

of automation technologies transforms the operational paradigms within the

maritime industry, while concurrently introducing unforeseen safety issues

[12, 56]. In-depth risk analysis studies are required to address the transformed

operational paradigms.
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2. The existing rules and regulations are developed based on the designs and

operational paradigms of conventional ships [15]. Significant amendment

and clarification of these regulatory frameworks are required, particularly in

addressing operator responsibility, to integrate unmanned vessels into maritime

logistics [57].

3. In the context of remote control systems, connectivity between vessels and shore

control centres is of paramount importance. However, remote communications

are vulnerable to cyber attacks [58]. Consequently, there is a demand for

specialised research on communication systems for remote vessels to mitigate

the risks associated with remote operations.

4. Current research projects and studies in the MASS research domain have not

determined a suitable machinery system design and management strategy for

deep-sea autonomous shipping [56]. Consequently, comprehensive research on

the design and management of machinery systems is required in accordance

with the distinctive operational environment of autonomous ships.

5. The human operators in the shore control centre require high-quality and large-

quantity data to understand the health status of remote ships; however, the data

transmission has limitations such as latency and transmission frequency [29].

These information gaps pose significant risks of inadequate decision making

by remote operators. Research on decision support and making systems is

required to bridge these information gaps and provide processed information to

human operators, thereby mitigating the risks of inadequate decision making

induced by these information gaps.

1.3 Research Question

In summary, the management of the ship machinery system constitutes a significant

obstacle to the digitalisation of the maritime industry and the implementation of

autonomous shipping. The PHM system is anticipated to mitigate this obstacle;

however, the distinctive operational environment of ship machinery systems poses

challenges to the development of the PHM model, including limited data availability
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and stochasticity in degradation patterns.

The following questions have been formulated to guide the research.

How can a PHM system be used for managing the ship machinery

health condition during autonomous operations?

1. How can the development of data-driven PHM models address the chal-

lenges posed by the distinctive operating conditions of ships?

2. How can DT-generated simulation data effectively supplement shipboard

measurement data?

3. How can the stochasticity in component degradation patterns be managed

by data-driven PHM models?

1.4 Aim & Objectives

This research aims at advancing PHM in maritime systems by developing digital

tools, as well as frameworks to ensure their trustworthiness. This study sets high-level

objectives to address the aim as follows.

1. Conduct a comprehensive literature review to identify the outlook, research

gaps, and state-of-the-art methods for PHM models

2. Use a marine engine as a reference system and analyse critical anomalies

(degradation) of the engine

3. Develop a physics-based DT of the reference system

4. Develop a framework to assure trustworthiness of the physics-based DT

5. Generate simulation datasets using the trustworthy DT considering degradation

of reference system components

6. Develop a data-driven PHM model to estimating RUL of the degradation

components

7. Develop a framework for managing the trustworthiness of data-driven PHM

model throughout the reference system lifetime
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8. Demonstrate the digital tools (Obj. 3 & 6), simulation datasets (Obj. 5),

and frameworks to manage the trustworthiness of digital tools (Obj. 4 & 7)

employing various operating profiles

1.5 Research Scope & Boundary

The development of digital tools and frameworks considers the distinctive operational

environment of ship machinery systems, especially the unavailability of labelled data

during operations. Health labels in the simulation-generated datasets are isolated

from the training phases and used to demonstrate the developed research materials.

This study focusses on the demonstration of the developed digital tools and

frameworks. The developed digital tools and frameworks can employ any degradation

components; however, this study used a limited number of degradation components.

The implementation of digital tools at the system level is beyond the scope of this

research. In this context, algorithms for data-driven models are used in their most

basic form to emphasise enhancing performance through the model management

framework, rather than the algorithm itself.

The operational duration of the demonstration is restricted prior to maintenance

activity, as the effects of maintenance on the machinery health condition fall outside

the scope of this research.

1.6 Dissertation Layout

The layout of the dissertation is structured in eight chapters, an overview of which is

provided as follows.

Chapter 1: Introduction to maritime digitalisation and autonomous shipping, as

well as the aim, objectives, scope, and boundaries of the research.

Chapter 2: The literature review is contained in this chapter, the outcome of which

includes the research gaps.

Chapter 3: The research approach and methodology are outlined in this chapter,

including eight research objectives and six research phases. The objectives and

phases are briefly described with figures.

9



CHAPTER 1. INTRODUCTION

Chapter 4: Methods and tools for developing trustworthy DT are described in

this chapter. The development includes physics-based DT development, operating

envelope extension, degradation model addition, DT integration, and calibration. In

addition, a framework for ensuring the trustworthiness of the DT is proposed in this

chapter.

Chapter 5: Methods and tools for developing data-driven PHM models are described

in this chapter. A framework for the development and management of PHM models

is proposed, including data-driven methods comparative assessment, data-driven

sub-model development, RUL estimation & maintenance decision-making, and data-

driven sub-model management throughout the asset lifetime.

Chapter 6: This chapter contains a description of the reference engine system

and its anomalies, as well as case studies to demonstrate the tools and frameworks

developed in Chapters 4 and 5.

Chapter 7: In this chapter, the results for each case study are presented and

discussed to evaluate the effectiveness of the frameworks, tools, and PHM models

that have been proposed and developed in the preceding chapters.

Chapter 8: This chapter summarises the research by highlighting its main findings,

novelties & contributions, analysing the achievement of aim & objectives, and

concluding with recommendations for future study.
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Chapter 2

Literature Review

2.1 Overview

Figure 2.1 presents the keywords utilised in the literature review. An extensive

literature review is performed using the keywords to identify research trends, state-

of-the-art technologies, application challenges, and existing research gaps.

Figure 2.1: Literature review keywords
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2.2 Prognostics and Health Management

The digitalisation of the maritime industry, coupled with the advancement in au-

tonomous shipping technologies, is expected to produce considerable benefits, in-

cluding improved efficiency, safety, and sustainability, as discussed in Chapter 1. In

particular, the PHM system is one of the most promising digitalisation technolo-

gies within the maritime industry to support reliable operations without human

intervention [59].

A PHM system estimates the current and future health of ship machinery [40],

supporting optimal maintenance planning [41] and enhancing reliability with reduced

downtime [42]. Early condition monitoring studies used data-driven models to extract

anomaly features and build health boundaries to estimate the current machinery

health condition by comparing new measurements with predefined boundaries [60].

Recently, PHM technologies have been improved and employed as a predictive decision

support tool [9]. However, a wide operating envelope of ship machinery systems and

stochastic degradation patterns are significant challenges for the implementation of

data-driven PHM models in real-world operations.

2.2.1 PHM Phases

PHM systems include four phases, namely, health monitoring, fault diagnosis, health

prognosis, and decision-making [40]. The health monitoring phase analyses sensory

data at the current time slice to determine the system’s health status. The fault

diagnosis phase detects system anomalies, identifies anomaly types, and isolates

anomaly locations. The health prognosis phase predicts the Remaining Useful Life

(RUL) of the system. The decision-making phase involves maintenance and other

operational decisions to manage the system’s health condition.

Health monitoring models assess the system’s health conditions continuously or

periodically by analysing sensor measurements [61]. Tan et al. [62] employed six one-

class classifiers to monitor the health status of a marine gas turbine propulsion system

and tested them using simulation-generated labelled datasets. Vanem and Brandsæter

[46] employed unsupervised clustering methods to monitor the health status of a

marine diesel engine using unlabelled ship measurement datasets, however, validation
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was not performed due to lack of labelled data. Oikonomou et al. [63] developed a real-

time condition monitoring framework employing an outlier algorithm and testing its

validity by using simulation-based degradation datasets for a ship propulsion system.

Fu et al. [64] employed unsupervised algorithms to identify anomaly thresholds

and monitor marine engine anomalies (filter blockage and cylinder leakage) using

laboratory test measurements.

Fault diagnosis includes fault detection, isolation, and identification. Fault

detection estimates the presence of faults and malfunctions, fault isolation determines

the location of each fault, whereas fault identification estimates the severity and

type of fault [65]. Zhan et al. [66] proposed a cascade framework based on one-

class Support Vector Machines (SVM) to identify four fault types for the cylinder

head of a marine propulsion engine by using vibration signals. Cheng et al. [67]

employed a multi-class classifier with feature extraction methods to identify four faults

and healthy operations for a marine vertical centrifugal pump by using vibration

signals. Senemmar and Zhang [68] developed a deep learning-based fault diagnosis

framework including fault detection, identification and isolation that was tested by

using simulation-generated data of a ship power system. However, the data-driven

models developed in these studies were tested in limited operating conditions, thus

their performance cannot be validated when the systems are operated in different

conditions.

Health prognosis estimates the health status of the component and/or system in

future time slices, as well as calculates the system RUL [69]. Accurate RUL estima-

tion is critical, as maintenance decision making relies on the calculated RUL [70].

Zhao et al. [71] proposed a remote fault prognostic and diagnostic expert system

architecture for a marine gas turbine. Field measurements were transmitted to

remote experts for real-time prognostic analysis. However, challenges pertaining

to connectivity and availability of experts [29] undermine the effectiveness of this

prognostic system. Tinga and Loendersloot [72] employed a physical degradation

model for a marine diesel engine cylinder liner to predict RUL and facilitate predic-

tive maintenance. Ma et al. [73] employed a multivariate Long Short-Term Memory

(LSTM) to predict future degradation trends of an electro-hydrostatic actuator

system. However, these health prognosis models, particularly when applied to longer
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time horizon predictions, face the challenge of increase in prediction error, attributed

to varying system operations and stochastic environmental conditions [74].

Decision making for health management deals with maintenance and operational

actions, such as reconfiguration and changes in operating points, to extend the

system RUL [75, 76]. Future smart and intelligent marine systems are expected to

rely on prognostics-based decision-making for maintenance [77] to reduce operating

costs [78]. Nguyen and Medjaher [41] proposed a dynamic predictive maintenance

framework by integrating prognostics with maintenance decision-making and verified

it for a turbofan engine. Do and Söffker [79] used prognosis results to optimise the

operation and maintenance of wind turbines considering both the extension of the

RUL and the increase in productivity. However, the system-level implementation of

PHM in complex systems requires further development [80].

2.2.2 PHM Research in the Maritime Domain

In maritime research domain, numerous studies have tried to address the unique

challenges associated with ship machinery operation and environment. Despite these

efforts, ongoing challenges were recognised in the following studies.

Listou Ellefsen et al. [81] proposed a semi-supervised deep learning method to

address the challenges associated with acquiring high-quality labelled data. This

method improved accuracy with reduced labelled data, demonstrated using the public

C-MAPSS dataset. However, the results also emphasised the essential importance of

labelled data, indicating that the proportion of training labels significantly influences

model error in both supervised and semi-supervised methods.

Han et al. [69] investigated marine engines in lab settings while accounting for

maritime environmental conditions. The experiment applied two distinct operational

profiles involving component faults and simulated load variations during autonomous

voyages. The collected datasets facilitated real-time testing of a data-driven PHM

model; however, artificial faults were rapidly induced, with experiments restricted

to 20 minutes due to time limitations, highlighting data collection challenges in

experimental contexts.

Velasco-Gallego and Lazakis [82] introduced an approach for RUL estimation

tailored to marine machinery, aimed at supporting maintenance decision-making
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processes. The study identified significant challenges, particularly the limited avail-

ability of anomaly data and the lack of methodologies for the practical application of

the RUL estimation results. Data augmentation techniques, which expand the size

of the data and generalise the model [83], were used to generate synthetic anomaly

data; however, their trustworthiness was less considered. Furthermore, the generated

dataset revealed that despite the application of augmentation methods, the operating

envelope of the dataset remained unchanged, highlighting the constraints of these

techniques.

Aizpurua et al. [84] presented a prognostic approach to estimate electric motor

insulation degradation employing data-driven models to predict winding temperature

using observed datasets (wind and vessel speed) and physics-based degradation mod-

els. The proposed approach was demonstrated by using shipboard measurements;

however, the validity of the RUL model was confirmed only for limited operating con-

ditions and a moderate degradation profile, whereas its testing in different operating

conditions and considering stochastic degradation profiles was not performed.

2.3 Methods for PHM Models

PHM methods are typically classified into four categories: expert-based, model-

based, data-driven, and hybrid methods. The expert-based method, which relies on

expert knowledge and experience, involves transmitting field measurements to remote

experts for real-time analysis [71], but it is vulnerable to connectivity and security

challenges [29]. The model-based method employs a physics-based degradation

model to predict future degradation trajectories. However, accurate predictions

for complex systems are challenging because the performance of the model-based

method is strongly correlated with the accuracy of the physics-based model [85].

The data-driven method relies on historical measurements to analyse degradation

and predict future degradation trajectories [86]. This approach, however, demands

extensive degradation data over prolonged periods, which is challenging to obtain.

Insufficient data distort the results and reduce the efficacy of data-driven PHM

models [87]. The hybrid method attempts to leverage the advantages by combining

model-based and data-driven methods. However, limited studies have employed
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the hybrid method due to the challenges in designing the appropriate integration

mechanism [88].

Data-driven methods are prominently employed in recent research studies, sup-

ported by the advancements of sensor technologies and machine learning technologies

[73]. The capability of these methods to capture intricate patterns in raw operational

data [9] explains their increasing employment. The data-driven methods and ap-

proaches employed in pertinent research publications are comprehensively reviewed

to determine applicable methods to the development of PHM models.

2.3.1 Data-driven Diagnosis Models

For fault detection models, Li et al. [89] employed SVM to detect engine oil leakage

faults from experimentally acquired instantaneous angular speed data. Raptodimos

and Lazakis [90] employed Artificial Neural Network and Self Organising Map (ANN-

SOM) model to detect marine engine anomalies and demonstrate the model using

shipboard measurement with a synthetic anomaly. Zhang et al. [91] employed

Convolutional Neural Network (CNN) to detect a diesel engine misfire fault from

experimentally acquired pressure and angular speed data. Vanem and Brandsæter

[46] employed unsupervised methods including K-mean clustering, Gaussian Model,

density-based clustering, SOM, and SVM to detect marine engine anomalies using

shipboard measurement with a synthetic anomaly. Zhang et al. [92] employed binary

adversarial autoencoder with Generative Adversarial Network (GAN) to detect marine

engine faults through multivariate shipboard measurement data. The objective of

the fault detection model is to classify health conditions as either healthy or faulty,

commonly utilising binary classifiers with the unsupervised learning approach.

For fault isolation models, Lindahl et al. [93] employed an NN-based classification

algorithm to detect and isolate grey water disposal system faults from electric power

measurement data. Senemmar and Zhang [68] employed Deep Neural Network

(DNN), Gated Recurrent Unit (GRU), and LSTM to detect, identify and isolate

shipboard power system faults using simulation-generated voltage data. The fault

isolation models frequently utilise NN-based multi-class classifiers. Determining

location of faults in a multi-component system poses a significant challenge, as

measurements are typically influenced by multiple components.
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For fault identification models, Zhan et al. [66] employs multi-class SVM to

identify cylinder cover faults using vibration signals of the engine. Basurko and

Uriondo [45] employed ANN to identify multiple engine faults through multivariate

sensory measurement data. Adams et al. [94] employed Random Forest (RF) and

Classification Trees to identify multiple engine faults via experimentally acquired

multivariate sensory data. Wang et al. [95] employed Manifold Learning and Isolation

Forest to identify multiple engine faults using simulation-generated multivariate sen-

sory data. Tan et al. [96] employed several multi-classification algorithms, including

K-nearest Neighbour (KNN) and SVM, to identify multiple simultaneous faults with

a publicly available simulation dataset. Cheng et al. [67] employed Weighted Kernel

Principal Component Analysis and Particle Swarm Optimisation SVM to identify

vertical centrifugal pump faults through experimentally acquired vibration data.

Multi-class classifiers are frequently employed for fault identification models and

demonstrated with data containing multiple faults.

2.3.2 Data-driven Prognosis Models

Three main approaches are generally utilised in the development of data-driven

prognosis models: trend modelling with the Health Indicator (HI) [82, 97, 98],

similarity-based curve matching [97, 99], and direct mapping [69, 74]. The trend

modelling approach estimates the current health status and then predicts the future

degradation trend for calculating RUL [100]. The trend modelling approach separates

the prognosis process into the HI construction and HI forecast steps. The HI

construction step transforms multivariate data into univariate HI values [101], while

the HI forecast step employs the univariate HI to predict the HI of future time

slices. The similarity-based curve matching approach builds a library of degradation

trajectories and searches similar trajectories with the new observations from the

library [100]. Simulations with a stochastic degradation model generate multiple

trajectories that represent possible progressions of degradation [99]. However, the

prediction error increases significantly when training trajectories are abundant or a

testing trajectory has a short history [97]. The direct mapping approach involves

training a prognosis model by linking input features to the output RUL using

historical datasets, thereby enabling the straightforward calculation of RUL with
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newly obtained input data [100]. Nevertheless, the error of the RUL estimation is

substantially influenced by the quality of the training datasets and the appropriateness

of the feature selection [101]. In the pertinent literature, the trend modelling approach

is prevalent [100], due to its lower prediction error and good generalisation ability

[101].

The HI construction step involves extracting the degradation status from the

multivariate performance parameters, followed by the generation of statistical or

quantitative HI [40]. The suitable method for developing the HI construction model

varies according to the machinery types and data properties; however, three method

groups are commonly employed in pertinent studies: statistical parameter-based,

signal processing, and machine learning methods [102]. The statistical parameter-

based methods are commonly used for the analysis of rotating machinery, extracting

statistical parameters from signal trends. The signal processing methods are also

commonly used for rotating machinery, specifically extract degradation information

by accounting for cyclostationarity characteristics. Meanwhile, the machine learning

methods are applicable to a broader range of objectives encompassing complex

machinery systems and to diverse data types, including vibration signals and sensor

measurements.

Among HI construction methods, machine learning-based methods are extensively

used in pertinent studies [103]. Their popularity is supported by their strength in

nonlinear data analysis, extensive applicability, and the independence for fault

mechanism knowledge [102]. Yu et al. [101] constructed the HI of a turbofan engine

and a milling machine by employing a bidirectional Recurrent Neural Network

(RNN) based Autoencoder (AE). Nguyen and Medjaher [104] employed four common

regression models including K-Neighbour Regression (KNR), Decision Tree Regression

(DTR), Random Forest Regression (RFR) and Support Vector Regression (SVR) to

construct the HI of turbofan engines and bearings. Koutroulis et al. [105] employed

LSTM, Linear Regression, and Multi-Layer Perception (MLP) to construct the HI of

turbofan engines. Huang et al. [106] proposed a HI construction method based on

an AE and a LSTM to construct the HI of turbofan engines.

The HI forecast step predicts the future degradation trend using a constructed

HI history and calculates the RUL based on a failure threshold [107]. Time-series
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forecast models are frequently employed to predict HI in future time slices using

time-series HI data. Wu et al. [108] employed the Autoregressive Integrated Moving

Average (ARIMA) model to forecast the degradation trend of a rotating machine

using vibration signals. Moura et al. [109] employed the SVR to predict the RUL

of turbocharger failure in diesel engines and miles-to-failure for car engines using

time series RUL data. Zhang et al. [110] employed the LSTM to predict lithium-ion

battery degradation patterns. Ren et al. [111] employed DNN to predict the bearing

RUL using vibration signals. Li et al. [112] employed CNN to predict the RUL of

the aero-propulsion system using simulation-generated data.

The deterministic models employed in the above studies have demonstrated

their effectiveness for RUL estimation. However, operational disturbances, including

measurement errors and variations in operating conditions, can influence the perfor-

mance of the HI forecast model in real-world applications [113]. To deal with these

disturbances, uncertainty quantification becomes essential for the HI forecast step

[84]. Nemani et al. [114] employed the ensemble approach to quantify errors and

increase the accuracy of prediction models. Rivas et al. [115] employed the Bayesian

approach with variational inference to estimate both the RUL and its uncertainty.

Wei et al. [116] employed the Monte Carlo Dropout method to predict the RUL and

its associated uncertainty, while mitigating heavy computation and addressing the

model overfitting issue.

2.3.3 Data Sources for Data-driven PHM Models

The development of data-driven PHM models requires extensive datasets that rep-

resent a wide operating envelope of the machinery system, as data quality is of

paramount importance for the performance of developed data-driven models [46].

However, a significant challenge persists among researchers in acquiring the appro-

priate datasets for the development of data-driven PHM models [44].

Shipboard datasets tend to contain errors, such as imprecision, bias, noise, human

transcriptional errors, and missing data [40, 117]. Recently, quantum sensing tech-

nologies based on quantum effects have been investigated to address the limitations

of conventional sensors. However, these technologies are still in the early stage of

practice and require more time for commercial use [118].

19



CHAPTER 2. LITERATURE REVIEW

Datasets for developing data-driven models in PHM systems are typically acquired

from shipboard measurements, experimental data, or simulation results [107]. To

support research on PHM systems, various experimental and simulation-based degra-

dation datasets have been made publicly available; however, most of these datasets

focus on specific tasks rather than considering the comprehensive health management

task [119]. The required datasets include performance parameters, operating profiles,

environmental conditions, and health indicators. The operating envelope of the

datasets to train data-driven models significantly impacts the performance of these

models when the actual operating conditions are significantly different compared

to the training phase [120]. However, acquiring datasets corresponding to anomaly

conditions is challenging, as most critical machinery systems on ships are effectively

maintained throughout their lifetime [47].

Cheliotis et al. [121] employed measurements of engine exhaust gas temperature to

develop a fault detection model for an ocean-going vessel propulsion engine. Velasco-

Gallego and Lazakis [65] used measurement datasets from a diesel generator set to

develop fault identification models based on five classification algorithms. In both

studies, anomalies were injected into datasets by using the anomalous ratio, since

the initial measurements only reflected healthy conditions. However, the reliability

of these synthetic anomaly datasets is questionable, given that degradation patterns

often deviate from a linear progression.

Han et al. [122] conducted a 10-day experiment using a marine engine on a

research vessel with a clogged air filter to collect anomaly data and evaluate a

proposed fault detection methodology. Wang et al. [123] experimented five typical

marine engine faults and developed a performance prognostics framework. However,

the experimental datasets did not represent the entire degradation phenomena and

a wide operating envelope, as acquiring such datasets is associated with high costs

and long timelines. The reliability of data-driven PHM models using datasets with a

limited degradation process cannot be ensured for real-world operations that may

encounter different degradation processes.

Coraddu et al. [47] employed simulation datasets derived by using a DT of a dual-

fuel marine engine, experiencing air cooler degradation, to compare the accuracy

and provide guidance on the effectiveness of several fault detection algorithms.
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Altosole et al. [124] employed simulation-generated datasets for ten engine degradation

scenarios to test an anomaly identification methodology, considering the impact of

each anomaly on engine performance parameters. However, employing simplified

coefficients to simulate each anomaly, without adequately accounting for the DT

trustworthiness, introduced considerable uncertainty within the generated datasets.

According to the quantitative analysis from Ferreira and Gonçalves [125], the ma-

jority of PHM papers acquire datasets from the Prognostics Center of Excellence from

the National Aeronautics and Aerospace Administration (NASA), which are publicly

available simulation-generated datasets. However, reliable PHM models require

datasets customised to specific machinery systems and operations. Measurement

data often lacks comprehensiveness, and experimental data is often expensive. Conse-

quently, there has been increased interest in simulation-generated anomaly datasets;

however, the discrepancy in operating conditions between the development and

application phases presents a substantial challenge to the effective implementation

of data-driven PHM models [126].

2.4 Simulation-based Data Generation

To address the challenge in data acquisition, several researchers employed simulation-

based data generation techniques, specifically the technique known as data farming.

Data farming technique has been employed in the defence industry over the past

decades to generate datasets using simulations [127]. Data farming includes mod-

elling and simulation, high-performance computing, and statistical analysis [128].

Randomisation is commonly applied to the data farming to represent real-world

uncertainty and fill the gaps between simulation outputs and real-world measure-

ments [129]. The main applications of data farming are synthetic data generation for

data-driven model development, as well as the analysis of generated data to identify

critical factors and optimise system design [130].

Saxena et al. [44] recognised the scarcity of run-to-failure datasets and addressed

this by generating degradation datasets with turbofan engine simulations. The gen-

erated datasets were originally intended for a PHM model development competition;

however, they have been extensively used for training and testing PHM models after
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the competition, primarily due to the persistent scarcity of run-to-failure datasets.

Nikzadfar and Shamekhi [131] conducted simulations on 4,000 operating points of

a diesel engine, generating datasets containing ten engine operating parameters.

These datasets were then used to train a feed-forward neural network, as well as

to investigate engine performance and emissions. Coraddu et al. [47] simulated

a dual-fuel engine experiencing degradation in the charge air cooler to generate

engine performance parameters, which were then utilised for comparing various

fault detection algorithms. Bo et al. [132] simulated a diesel engine under anomaly

conditions to generate engine performance parameters, which were subsequently used

for training and testing fault diagnosis models.

The data farming technique improves the quantity and quality of data using

DT and large-scale Design of Experiments (DOE) [130]. The DT is a tool for

representing a selected physical system in a virtual environment [133], while the

DOE is a systematic approach for exploring the system processes and gaining validity

effectively and efficiently [134]. DT-based simulations replace expensive experimental

campaigns [135] and supplement data for developing data-driven models [47].

2.4.1 Digital Twins

DT serves as a valuable tool for replicating the environment, physical processes,

and embedded computations of a reference physical system [136]. To develop a DT,

both measurement datasets and computational models of the reference system are

required [133].

DT provides an alternative to costly physical experiments [137], but the de-

velopment of complex system DT is challenging due to the presence of multiple

sub-systems, their interactions, and their combined effects [138]. Furthermore, sensor

malfunctions, including bias, drift, loss of accuracy, freezing, and calibration error,

are prevalent in real-world operations [139]. Even sensors in good condition can

transmit erroneous values due to sensor noise and thermal time constant, which

denotes the required time to respond to 63.2% of the transition between the initial

and final temperature states [140].

At the system level, DT requires the development of computational models for

each component, as well as their integration [141]. To support the development of
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complex system DT, co-simulation approach has been developed. This approach

integrates various sub-modules into a master simulation platform, thereby reducing

the integration efforts required [142]. Co-simulation enables comprehensively analysis

of physical components (e.g. diesel engines, sensors, actuators) and cyber systems

(e.g., controllers, alarm systems, operating panels), as well as communication networks

within a single simulation [143]. This co-simulation approach has been applied to

simulate complex maritime systems, including electric power management systems

[142], navigation control systems [144], and network systems [143].

However, the co-simulation approach exhibits limitations under dynamic operat-

ing conditions, particularly in the presence of faults and degradation, as it simulates

sub-module processes independently and exchanges their results at restricted com-

munication points [145]. These communication discontinuities cause latency effects

and module coupling errors that are non-existent in real-world operations [146]. Con-

sequently, these discrepancies decrease the accuracy and reliability of the DT-based

simulation and the generated datasets.

In the maritime research domain, DT has three typical modelling approaches:

physics-based models (PM), data-driven models (DDM), and hybrid models (HM).

PMs are based on first principles (e.g., laws of thermodynamics) and have the

capability of adequately representing the machinery behaviours. Mean Value Engine

Models (MVEM) and Zero-dimensional (0D) are the most widely used models for PMs

due to their simplicity [147]. However, MVEM cannot simulate the variations in the

in-cylinder process and 0D can only estimate simple parameters such as temperatures

and pressures of the exhaust gas. One-dimensional (1D) and three-dimensional (3D)

models are capable of simulating high-dimensional behaviours such as fluid flows

and frictions. However, as the dimensions increase, DT becomes more complex and

demands high computational effort [148]. DDMs do not require prior knowledge of

the machinery systems; instead, they rely on an extensive amount of data. DDMs

do not guarantee the causal relationship due to their black box characteristics but

have strength in finding hidden or unknown patterns [149]. HMs combine PMs and

DDMs to mitigate the drawbacks of each approach. Combining PMs and DDMs for

HMs has three sub-approaches: PM-assisted DDM, DDM-assisted PM, and a hybrid

approach with a strong and mutual interplay [149]. However, limited applications
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are reported in the maritime research domain [150].

Tsitsilonis et al. [151] employed a physics-based marine engine model (0D) to

generate performance parameters under both healthy conditions and prevailing

conditions, facilitating the engine health assessment. Altosole et al. [124] employed

a physics-based marine engine model (0D) to generate performance parameters

considering ten degradation types, subsequently developing engine anomaly diagnosis

models. Djeziri et al. [99] applied data-driven augmentation methods to investigate

various potential pathways of transistor degradation, leading to the development of

an offline RUL estimation model. Coraddu et al. [150] developed a marine engine

hybrid model integrating MVEM and the Kernel Regularised Least Squares method

to enhance the accuracy and interpretability of exhaust gas temperature prediction

while minimising computational efforts.

2.4.2 Anomaly Simulation with DT

Developing degradation models and integrating them into the DT is essential for

simulating faults and degradation processes. Degradation models can be developed

based on either physical laws that describe degradation processes or measurement

data that capture degradation phenomena [49].

Most degradation processes can be classified into three general models based

on their shapes: linear, convex, and concave [152]. The general path models are

widely used because of their simplicity; however, sometimes these models are not

appropriate due to their oversimplification [49]. Degradation from major failure

mechanisms (e.g. corrosion, fatigue, wear, and creep) can be effectively modelled

using generalised meta-models, including Arrhenius, Archard, Paris’ law, Eyring,

and Inverse Power models [49, 153].

An appropriate stochastic process model depends on the specific characteristics of

the degradation phenomena, broadly categorised into monotonic and non-monotonic

degradation types. Monotonic degradation (e.g. wear and cumulative damage)

generally uses the Gamma process and the Inverse Gaussian process, whereas non-

monotonic degradation (e.g. material fatigue and corrosion) generally uses the

Wiener process and Poisson process [153].

Chin and Katta [154] applied the global-chemistry-kinetics model to predict
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fuel injector clogging degradation, subsequently validating the prediction through

simulation data. [155] employed Archard’s model to analyse cam wear degradation

in valve trains, considering mixed lubrication, and validated the wear depth model

with experiment-based measurements. Lewis and Dwyer-Joyce [156] developed a

degradation law model for valve recession, deriving coefficients through laboratory

measurements. Tung and Huang [157] utilised laboratory experiment-based mea-

surements to develop a three-body abrasive wear model for predicting the piston

ring and cylinder liner wear degradation. Eker et al. [158] developed a physics-based

filter-clogging model using laboratory experiment-based measurements

Regarding critical equipment in ship machinery systems, the primary sources of

failures within the vessel’s system are the main engine and the propulsion mechanism

[159]. Diakaki et al. [160] identified the fuel oil valve, the fuel oil pump, and the

exhaust valve as the engine components with the highest failure rates. Similarly,

Nahim et al. [139] identified the fuel supply system, the water system, and the valve

system as the most frequently failing systems. Prioritisation should be given to

frequently failing components and systems when incorporating degradation models

within DT.

2.4.3 Trustworthiness of DT

Although DT-based simulations were employed in several research publications to

address the limited data availability, the trustworthiness of their DT was only partially

addressed. To develop a reliable data-driven PHM model using simulation-based

datasets, the trustworthiness of the DT must be ensured comprehensively in advance.

Trustworthiness is a broad term, hence different users can interpret it differently

[161]. Connett and O’Halloran [162] reviewed the trustworthiness definition from

four perspectives: design, behavioural, physical, and anomaly perspectives. The

design perspective implies that the system fulfils the set critical requirements. The

behavioural perspective is related to confidence in the similarity between expectations

and the system behaviour. The physical perspective implies that the trust pertains

to the intended system functionality. The anomaly perspective implies that the

system maintains its functionality despite the presence of disturbances/anomalies.

Trustworthiness cannot be addressed in a single step; continuous assessments are
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required during the system design, development, and operation phases. Schneider

et al. [163] argue that a trustworthy system should maintain its trustworthiness

regardless of constraints throughout the system’s lifetime. The trustworthiness

assessment of the developed DT is not a one-time occurrence, but it is performed

iteratively as the DT undergoes variations.

The requirements for ensuring the trustworthiness of DT differ depending on the

particular industry sector. For city automation, Wang and Burdon [164] proposed the

following three elements to ensure DT trustworthiness: ability (functional quality),

integrity (conformity to industrial standards), and benevolence (information privacy).

For manufacturing automation, Babiceanu and Seker [165] considered dependability

and cybersecurity to ensure the trustworthiness of the cyber-physical system. For

systems and software engineering, de la Vara et al. [166] employed system architecture,

multi-concern dependability, interoperability, and cross/intra-domain reuse to ensure

the trustworthiness of cyber-physical systems in the development of the open-source

platform. However, the trustworthiness of DT within the maritime research domain,

particularly in simulation-based data generation, has not been explored.

2.5 Research Gaps

The literature review provides a comprehensive understanding of the methods and

tools pertinent to the development of trustworthy DT and data-driven PHM models,

specifically for marine engine applications. However, the following research gaps have

been identified, requiring additional research:

1. While data-driven methods for developing data-driven sub-models have been

widely researched in pertinent studies, the processes for selecting and integrating

these methods for specific applications have rarely been reported. Lack of

systematic approaches for selecting and integrating data-driven methods cannot

guarantee the effectiveness of develop PHM models.

2. The performance of PHM models has been improved in recent studies using

advanced data-driven methods; however, these model demonstrations predomi-

nantly use similar operating conditions for both the testing and training phases.

Lack of a framework to retain the performance of the PHM model regardless
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of the varying operating conditions raises concerns about the trustworthiness

of such data-driven PHM models.

3. Multiple studies have reported the use of simulation datasets employing DT to

substitute measurement data under anomaly conditions; however, the degrada-

tion modelling process was not considered. Inefficient approach for developing

DT under anomaly conditions results in improper data generation and subse-

quent failure in training data-driven models.

4. In several studies, the DT is evaluated by comparing simulation results with a

limited set of measurement data; however, this method only validates the DT

under limited operating conditions. Ensuring the trustworthiness of the DT

cannot be accomplished through a single step and requires a comprehensive

assessment. The lack of a framework to ensure the trustworthiness of the

DT results in inaccurate simulation data generation, thereby raising concerns

about the credibility of PHM models that employ these simulation-generated

datasets.

5. The operating environment of ship machinery systems is inherently dynamic and

uncertain; however, several studies test their PHM models within moderate

degradation scenarios. Additionally, the measurement data of a complex

machinery system capture the coupled behaviour of multiple components and

their interactions; however, this aspect is frequently overlooked in pertinent

studies. Lack of PHM method tests in complex degradation scenarios, including

simultaneous degradation in multiple components and stochastic degradation

patterns, remains a concern about the performance of PHM models in real-world

applications.

6. Most studies in the PHM research domain primarily address accurate health

monitoring, diagnosis, and prognosis. However, there is a noticeable gap in the

integration of this health information into the decision making phase. Lack of

a framework to apply the health information derived from PHM models in the

decision making phase leads to inefficient PHM system applications.

7. The quality and quantity of data are of paramount importance for the perfor-
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mance of data-driven PHM models; however, no method has been reported

in pertinent studies to assess the suitability of data for the development of

PHM models. Lack of methods to identify the need for data generation using

DT-based simulation results in either inaccurate data-driven PHM models.

8. Fault diagnosis models typically employs classification algorithms. For classifiers

that utilise decision boundaries, small differences near the class boundary can

result in incorrect classification. To address the dynamic operating environment

of ship machinery systems, sensitivity analysis is required for fault diagnosis

models. Lack of methods to identify decision sensitivity undermines the

trustworthiness of the fault diagnosis model in real-world operations.

9. The shipboard measurement data contain various types of sensing errors,

including noise and missing data. The trustworthy PHM system should provide

consistent results despite these sensing errors. Lack of methods to address

sensing errors impedes the implementation of PHM systems in real-world

operations.

This study addresses five of the nine research gaps identified from the extensive

literature review, concentrating on advancing the PHM system. Novel frameworks

will be developed to address these gaps, with the digital tools in the following chapters.

The unaddressed gaps, still vital to improving the efficiency of the PHM system, are

expected to be investigated in future research.
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Research Approach and

Methodology

3.1 Research Approach

To address the aim of the research, eight objectives are investigated, including

literature review, reference system & anomalies, physics-based DT development,

trustworthiness assurance framework, simulation-based data generation, data-driven

PHM model development, data-driven PHM model management framework, and

digital tools & frameworks demonstration. Figure 3.1 illustrates each objective with

their connections.

A comprehensive literature review (Obj. 1) systematically collects information on

the reference physical system along with its anomalies (Obj. 2), while also identifying

state-of-the-art methods for the development of physics-based DT (Obj. 3) and

data-driven PHM model (Obj. 6). A physics-based DT (Obj. 3) is developed

considering various operating profiles of the reference system (Obj. 2), with its

trustworthiness being ensured through a trustworthiness assurance framework (Obj.

4). Trustworthiness-assured DT generates simulation datasets encompassing an

extended operating envelope (Obj. 5), thus facilitating the development of the

data-driven PHM model (Obj. 6) and the model management framework (Obj. 7),

as well as their demonstration (Obj. 8).
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Figure 3.1: Research approach

3.2 Research Methodology

Figure 3.2 illustrates an integrated research methodology to achieve the research aim

and objectives. Reference system data along with operating envelope and anomaly

summary table serve as essential inputs for the methodology. The resulting outputs

comprise a trustworthy DT, simulation-generated datasets, and PHM model.
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Figure 3.2: Research methodology

The first phase focuses on the development of a DT based on physics-based models.

The physics-based model is employed for the development of DT due to its capability

to accurately simulate the intricate operations of the engine [150]. Engine sub-models

are developed, integrated, and calibrated to simulate a DT of the reference system

under healthy conditions. The operating envelope of the DT is expanded considering
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the operating range of the reference system, and the extended DT is re-calibrated

to simulate the DT in the extended operating conditions. Component degradation

models are added to the developed DT by employing the degradation law model and

stochastic degradation model. The DT with degradation model is integrated and

re-calibrated to simulate the DT under anomaly conditions.

Phase 2 develops a framework for assuring the trustworthiness of the developed

DT. This phase is critical within this research methodology, as the trustworthiness

of DT is often overlooked in related studies. Test simulations are executed to

comprehensively evaluate the trustworthiness of the DT by employing three evaluation

steps (validation, verification, and robustness) coupled with pre-set thresholds. The

validation step compares the DT-generated performance parameters against available

measured reference data. The accuracy appraisal with a pre-set error threshold

ensures that the DT is accurate in the tested operating conditions. The verification

step performs sensitivity analysis to investigate engine performance parameter trade-

offs considering input parameters changes. These trade-offs are compared to the

reference ones published in the pertinent literature to ensure that the DT behaviours

align with the pertinent literature. The robustness step performs uncertainty analysis,

quantifying the uncertainty ratio of input and output parameters. The uncertainty

ratio less than one ensures that the DT does not contribute to uncertainty propagation.

If any criteria are not satisfied, the DT necessitates re-design or re-calibration to

ensure its trustworthiness. The satisfaction of all criteria confirms that the DT is

trustworthy within the operational boundary considered during the trustworthiness

evaluation.

In Phase 3, the trustworthy DT generates simulation datasets by executing several

simulation runs. The simulation scenarios are designed using the Latin hypercube

method to effectively represent a wide operating envelope. The design of experiment

method is employed to systematically simulate multiple scenarios, subsequently

processing the simulation datasets to generate development and application datasets,

which facilitate the development and demonstration of the data-driven PHM model,

respectively.

Phase 4 develops a PHMmodel employing data-driven methods due to their ability

to capture complex degradation patterns without necessitating expert knowledge [9].
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Algorithms identified through the literature review are systematically compared using

development datasets that include various operating profiles reflecting the unique

characteristics of real-world ship operations. With the selected algorithms, fault

diagnosis models and health prognosis models are developed. The fault diagnosis

model includes three sub-tasks (detection, isolation, and identification) to diagnose

fault information with anomaly components and locations. The health prognosis

model includes three sub-tasks (HI construction, HI forecast with deterministic

approach, and HI forecast with probabilistic approach) to calculate the RUL of the

anomaly component with uncertainty. Maintenance decisions are made based on the

results of fault diagnosis and prognosis models to determine an effective maintenance

schedule.

In Phase 5, a framework for data-driven model management is developed to

evaluate the performance of the health prognosis model and re-train it, thereby

maintaining its continued effectiveness. The decision of model re-training is made

when its performance falls below pre-defined thresholds. The management process

operates as an iterative process throughout the lifetime of the reference system,

and the re-training utilises data acquired up to current time slices. This framework

is essential for developing a trustworthy PHM model that addresses the inherent

stochasticity in degradation patterns [167]. Selecting appropriate performance metrics

and re-training threshold is crucial for efficient model management.

In Phase 6, the developed data-driven PHM model and its management framework

are demonstrated using application datasets derived from Phase 3. The demonstration

scenarios examine the challenges for the implementation of the data-driven PHM

model, including dynamic operating conditions induced by variations in control

inputs and ambient temperatures, multi-component degradation processes, stochastic

degradation patterns, and different initial conditions for each component. The

results demonstrate the error and robustness of the PHM model within the operating

envelope tested. The details of Phases 1, 2, and 3 are described in Section 4, while

those of Phases 4, 5 and 6 are described in Section 5.
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Trustworthy Digital Twin for Data

Generation

4.1 Physics-based Digital Twin

The physics-based engine DT is developed by using GT-SUITE v2022 software, which

provides a 0D/1D simulation interface with libraries for the system components and

sub-models [168]. The DT is developed based on the previous studies [169, 170];

however, in this study, the DT is extended by the inclusion of the modelling of

sensors and their dynamics for the engine performance parameter measurements.

The sensor sub-model monitors and collects virtual signals from the simulations

representing the sensors deployed in engine operations. The layout of the modelled

engine components, along with the sensors and monitoring system block, is illustrated

in Figure 4.1.

Figure 4.1: Marine engine components and sensors modelled in the developed
DT
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This study considers the four-stroke, non-reversible, turbocharged, and intercooled

Wärtsilä 8L50DF engine for developing the engine model, which consists of several

sub-system models for representing the engine components. The Woschni equation

[171] is employed for representing the in-cylinder heat transfer process, whereas the

single Wiebe function [172] is used for modelling the combustion process. The fresh

air and exhaust gas flow sub-models are based on one-dimensional approaches, which

consider the fluid momentum, mass, and energy conservation equations. The engine

control sub-system models for fuel supply systems and wastegate valve operations

employ the Proportional–Integral–Derivative (PID) controllers.

In addition to the engine component sub-models, the DT incorporates a sensor

sub-model. Sensors play a critical role in marine engine operations, as they measure

physical quantities such as torque, pressure, temperature, and fluid flow. However,

sensor values are significantly affected by the surrounding environment [173], leading

to inevitable sensing errors at the current technology level. Sensor faults commonly

include issues such as bias, drift, loss of accuracy, freezing, and calibration error

[139]; however, even healthy sensors have erroneous values because of sensor noise

and thermal time constant.

This study employs an additive noise model to introduce random error values

into simulation results, simulating dataset irregularities akin to sensor noise effects

on measurements. The additive noise model simplifies and represents the sensing

errors such as offset, drift, spikes, and calibration errors. The additive noise model is

developed based on Equation 4.1 [174], and the random error values are generated

by a Gaussian random process.

ymeas(t) = yact(t) + x(t) (4.1)

where ymeas(t) denotes sensor measurements at time t, yact(t) is actual physical

quantities at time t, and x(t) is random error at time t.

4.1.1 Operating Envelope Extension

The typically accessible data from the engine shop tests are collected under controlled

conditions; however, the engine is operated in a wide operating envelope in real-
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world operations. Data farming significantly enhances the dataset by extending the

operational envelope.

This study considers two operating parameters to extend the operating envelope:

ambient temperature variation and engine load variation. The operating range of

ambient temperature is set to 15–45◦C, according to the engine manufacturer’s

guidelines [175]. During simulations, ambient temperature values are randomly

selected using a probability density function derived from 3-year engine operation

records. Engine load percentages are also randomly selected from 70%, 75%, 80%,

and 85%, which are the most efficient operating range for the investigated marine

engines [176]. To avoid frequent load variations, the selected engine load values are

not changed for a randomly selected load duration within the range of 60–600 hours.

4.1.2 Component Degradation Model

The data farming can also generate datasets under anomaly conditions, which are

infrequent event and challenging to obtain from shipboard measurement data. DT-

based simulations under anomaly conditions eliminate the problems of expensive

testing cost, experiment preparation, engine component damage, spare parts waste,

and pollution. However, a thorough understanding of engine anomalies is required

to appropriately simulate the degradation process.

Degradation models can be classified into the following two categories: Degra-

dation Law Models (DLM) and Stochastic Process Models (SPM). DLM employs

basic laws for describing the degradation using deterministic mathematical equa-

tions. SPM reconstructs the degradation pathway using measurement data [153].

However, complex degradation processes cannot be adequately represented by a

single mechanism [153]. This study integrates these two degradation model types to

develop a comprehensive degradation sub-model. The laws model are employed to

characterise the generic behaviour of the engine components degradation observed

over a long-term period. In contrast, the stochastic model characterises short-term

variations during the operations, which represent the temporal dynamics of engine

component degradation.
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Table 4.1: Anomaly summary table format
Anomaly Identification Process

with FMECA
Anomaly Analysis

for Simulation Design
FMECA Output DT Input parameters DT Output parameters
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Anomaly Summary Table

An anomaly summary table collects the necessary information to model the anomaly

components. The anomaly table is developed by employing identification and analysis

processes as presented in Table 4.1.

The identification process employs the Failure Mode, Effects, and Criticality

Analysis (FMECA) method to identify the failure modes, failure causes, failure

effects, as well as the criticality of these failures [177]. The anomaly criticality is

evaluated by the Risk Priority Number (RPN ), which is derived by the multiplication

of occurrence level (O), severity level (S ), and detectability level (D), according to

the following equation [178]:

RPN = OSD (4.2)

In the analysis process, the following parameters are determined: anomaly control

parameters (DT input), dependent parameters (DT output), manufacturer’s limits,

ranges of the pertinent input parameters, and steps; the latter is derived from the

manufacturer’s limits, ranging from healthy to severe anomaly conditions.

Valve Recession Model

This study considers the wear degradation of the engine cylinder valves, which is one

of the most frequent anomalies in marine engines [139]. The valve recession model

reported in Lewis and Dwyer-Joyce [156] is employed, which was developed based

on laboratory experiments for the wear of the automotive engine valves. The wear
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volume is calculated according to Equation (4.3).

V =

(
kPNδ

h
+KNen

)(
Ai

A

)j

(4.3)

where V denotes the wear volume, k is the sliding wear coefficient, P is the average

contact force at the interface, N is the number of cycles, δ is the slip at the interface,

h is the seat hardness, K is the impact wear constant, e is the energy on impact, n

is the impact wear constant, Ai is the valve’s initial contact area, A is the contact

area after N cycles, and j is the wear constant.

The valve recession is calculated from the wear volume according to Equation (4.4).

r =

(√
V

πRicosθssinθs
+ w2

i − wi

)
sinθs (4.4)

where r denotes the valve recession, Ri is the initial seat insert radius, θs is the seat

insert seating face angle, and wi is the initial seat insert seating face width.

It must be noted that the effect of sliding wear is not considered herein, as it is

negligible for valves with high closing velocities [179], such as cylinder valves of large

marine engines.

Stochastic Process Model

The degradation parameters for valve recession, obtained from DLM, are adjusted

with the SPM. The SPM captures the stochasticity of the degradation and represents

various disturbances, including other component anomalies and the spare parts

quality. However, acquiring abundant degradation data is a significant challenge.

To represent the stochasticity of the degradation, this study employs the gamma

process, as its irreversible and continuous characteristics [49, 153] closely correspond

to wear degradation patterns. The probability density function (PDF) of the gamma

distribution is defined according to Equation(4.5) [180].

Ga(x|v, u) = uv

Γ(v)
xv−1exp{−ux}I(0,∞)(x) (4.5)
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where Ga(x|v, u) denotes a random variable x following the gamma distribution

with shape parameter v and scale parameter u, Γ(a) =
∫∞
0

za−1e−zdz for a > 0, and

IA(x) = 1 for x ∈ A and IA(x) = 0 for x /∈ A.

The valve recession at each time interval is calculated by employing Equation (4.4).

The stochasticity to valve recession is introduced considering Equation (4.5), leading

to the estimation of total valve wear, which is calculated according to Equation (4.6).

W (tn) =
tn∑
t=0

r x(t) (4.6)

where W denotes the total valve wear (mm), tn is the running time after n time

intervals, r is valve recession (mm) at each time interval, whereas x(t) is a multiplier,

which takes random values according to Equation ( 4.5).

The maximum valve lift is subsequently calculated by employing Equation (4.7).

Lmax(tn) = Lmax(0)−W (tn) (4.7)

where Lmax denotes the maximum valve lift (mm) at tn, Lmax(0) is the maximum

valve lift (mm) at healthy conditions, and W (tn) is the total valve wear (mm) at tn.

The multiplier x at each time step is sampled using a random number generator

from the Python NumPy library. The random number generator employs the shape

and scale parameters to define the PDF of gamma process, and the size parameter

to define the number of samples. This study employs gamma distributions with

two different stochasticities, both having the x mean value equal to 1 to retain the

basic degradation laws. At each time step, the sampled random variables are used

as multiplication factors to adjust the valve recession calculated by the DLM. The

adjusted valve recession is accumulated over time to calculate total valve wear at a

specific running time. This total valve wear then modifies the valve lift profile by

limiting the maximum valve closing.

4.1.3 Digital Twin Integration & Calibration

By using the GT-SUITE software, the thermodynamic model, the degradation

model, and the sensor models are integrated to develop a physics-based DT, which is
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subsequently used to generate extensive envelope datasets. Using the running time,

initial conditions, and parameters of the Gamma PDF as input, the degradation

model calculates the maximum valve lift at each time interval (step). This is fed

as input to the thermodynamic model, which subsequently simulates the engine

performance parameters.

The sensor model receives the performance parameters and applies the time

delay and noise of the considered sensor, thereby generating measurable engine

performance parameters as output. The digital twin constituents, interconnections,

and information flow are illustrated in Figure 4.2.

Figure 4.2: DT sub-model integration & data generation

To simulate the marine engine DT within the extended envelope, the DOE [134]

with the Latin Hypercube sampling method is employed to reduce the number of

samples, whilst retaining a sufficient representation of each input variable [181].

The DT sub-models are calibrated by employing an optimisation method, which

uses the reference performance parameters and calculates the optimal values for the

sub-model constants to achieve the lowest value of an objective function [151, 182].
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GT-SUITE software provides the Advanced Direct Optimiser (ADO) that employs

the Non-dominated Sorting Genetic Algorithm (NSGA-III) [183]. In this study, the

ADO optimises turbocharger turbine mass flow and efficiency coefficients at 75%

load using an objective function (weighted sum of errors) associated with three

performance parameters (turbocharger shaft speed and turbine inlet and outlet

temperature). An example for calibrating the turbocharger turbine model is shown

in Table 4.2.

Table 4.2: Example of using the advanced direct optimiser to calibrate the
turbocharger turbine model

Factors Responses

Parameter

Turbine

Mass Flow

coefficient

[−]

Turbine

Efficiency

[−]

Parameter

TC Shaft

Speed

[rev/m]

Exhaust Gas

Temperature

Upstream

Turbine

[K]

Exhaust Gas

Temperature

Downstream

Turbine

[K]

Search

Range
0.8− 0.99 1.0− 1.12

Target Value 16690 749 594

Optimal

Value
0.9354 1.0753

4.2 Trustworthiness Assurance Framework

A framework for assuring the trustworthiness of physics-based DTs is illustrated in

Figure 4.3. It consists of three phases (listed in numerical order), whereas each phase

includes several steps.
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Figure 4.3: Systematic framework for assuring the trustworthiness of physics-
based DT

The first phase focuses on the sub-model developments and their integration

to develop the DT. The DT is subsequently calibrated by adjusting the sub-model

coefficients/constants to achieve acceptable accuracy.

Phase 2 deals with the progressivity (otherwise called non-regressivity) of the

DT. This phase includes three options: (a) extending the operating envelope, (b)

modifying/replacing existing sub-models, and (c) adding sub-models. Option (a)

enables simulation of engine anomaly conditions or/and varying ambient conditions.

The ranges of input operating parameters are set considering the acquired reference
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operating data. Option (b) deals with the modification or replacement of the initially

employed sub-models. Option (c) caters for new sub-model additions, such as

component degradation sub-models or/and auxiliary system sub-models. Options

(b) and (c) require re-calibration of the DT to achieve acceptable accuracy.

In Phase 3, the trustworthiness of the DT is assured through three steps: vali-

dation, verification, and robustness. The validation step employs error metrics to

calculate the accuracy of the DT outputs against experimental data. If the estimated

errors exceed predefined thresholds, the DT re-calibration and reassessment are

required. The verification step estimates the performance and emissions parameters

trade-offs, and assesses their soundness by qualitatively comparing to the reference

trade-offs. When the estimated trade-off is not sound, the DT redesign is required,

followed by repeating the verification step. The robustness step calculates the uncer-

tainty ratio between the DT output and input parameters, using input parameter

reference profiles. When the estimated uncertainty ratio exceeds predefined thresh-

olds, the DT redesign and repetition of the robustness step are required. When the

DT re-calibration and redesign activities do not result in improved trustworthiness,

it is advisable to stop the trustworthiness assurance phase and return to the DT

development phase.

Completing these three steps assures the DT trustworthiness for the considered

operating envelope. In cases where the validation, verification, and robustness

criteria are partially fulfilled (e.g., only for specific performance parameters), partial

assurance of the trustworthiness should be indicated. In cases where the DT version

(Phase 1) fulfils all step criteria, the operating envelope extension option (Phase 2-A)

does not require repetition of the validation step (Phase 3-A).

4.2.1 Trustworthiness Steps

This study develops a comprehensive method for assuring the trustworthiness of

the marine engine DT, considering the following three steps: validation, verification,

and robustness. Each step partially ensures the trustworthiness of the DT due

to limited data and information; however, the integration of these steps provides

comprehensive assurance. Pre-set decision criteria for each step are decided based

on the DT requirements, which are described in the following subsections.
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Validation

The validation step depends on available measured data, which are expected to be

limited. For marine engines, the engine shop tests (or factory acceptance tests) and

ship trials provide the engine performance parameters under healthy conditions at

limited operating points. Shipboard data acquisition systems are a recent trend in

the maritime industry; however, their use is limited. The limited data restrict the

validation, and thereby the validation ensures the trustworthiness of the developed

DT only within the limited operating envelope where the measured dataset are

available. The validation of the DT is based on the comparison between the predicted

performance parameters and available measured datasets. The criteria employed for

the validation step involve the percentage errors between the predicted and measured

parameters, as calculated by the following equation:

E =
OP −RD

RD
100 (4.8)

where E denotes the percentage error, OP is the output parameter, and RD is

measured value of the same parameter.

The acceptance limits for the error of performance parameters (pressure, tem-

perature, rotational speed, and fuel flow) are based on the guidelines from the

ISO standards applicable to engine testing measurements [184]. If the estimated

percentage error is smaller than the guideline’s allowance, the DT is considered

validated. For cases where validation of only specific parameters is achieved, the DT

is considered partially validated.

Verification

The verification step deals with identifying the DT behaviour considering several

engine operating conditions. However, access to extensive measurements under

specific operating conditions is limited. Instead, the evaluation is based on consistency

with expected trade-offs from the pertinent literature. The verification step is based

on sensitivity analysis to evaluate the influence of the input parameter changes on

the output parameter variations [185]. The Spearman rank correlation coefficient

[186, 187] is employed to quantify the strength and direction of the relationship
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(trade-off) between the input and output parameters. The Spearman rank correlation

examines sample rankings rather than their values, unlike the Pearson correlation,

facilitating the analysis of trendability and trade-off. This coefficient is calculated by

Equation (4.9), which results in a range from −1 (strong reciprocal correlation) to

+1 (strong direct correlation) with 0 representing negligible correlation.

rs = 1− 6Σ (R (Xi)−R (Yi))
2

N (N2 − 1)
(4.9)

where rs denotes the Spearman’s coefficient, X is the input parameter values, Y is

the output parameter values, N is the number of samples, and R denotes the ranked

variables.

This study takes into account varying operating conditions for ambient tempera-

ture as well as the anomaly conditions. The Latin hypercube method samples the

combinations of these three parameters. The DOE tool of the GT SUITE is employed

to perform the simulations and predict the trade-offs of performance parameters

for each combination of input parameters. If the estimated trade-offs for the DT

performance parameters match the trade-offs from the pertinent literature, the DT

verification is assured.

Robustness

The last step of the trustworthiness assurance deals with the evaluation of the DT’s

robustness, which is based on the predicted performance parameter uncertainty

considering anomaly conditions and varying environmental conditions (ambient

temperature in this study).

Uncertainty analysis is employed to measure the probability of unexpected event

occurrences [188]. This study employs the variance for quantifying the uncertainty

[189] and uses the Monte Carlo (MC) method [190] to estimate the variance of the

DT output performance parameters. The input (anomaly parameters and ambient

temperature) and the output (predicted performance parameters) are both normalised

within the range of [0, 1] (to eliminate scale differences between parameters) by

employing the min-max scaling method according to the following Equation (4.10)
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[191]:

X ′ =

(
X −Xmin

Xmax −Xmin

)
(M −m) +m (4.10)

where X ′ denotes the normalised data ranging within 0–1, X denotes the original

data, Xmin is the minimum value of the original data, Xmax is the maximum value

of the original data, M is the pre-defined maximum range value (1), and m is the

pre-defined minimum range value (0).

The variances of the input and output parameters are calculated according to

the following equation:

S2 =

∑n
i=1

(
Xi − X̄

)
n− 1

(4.11)

where S2 denotes the variance, n is the sample number, Xi is the value of the ith

sample, and X̄ is the mean value of the samples.

The uncertainty ratio between the input and output parameters is calculated

using the following Equation (4.12):

Rm =
S2
m

S2
in

(4.12)

where Rm denotes the uncertainty ratio, S2
m is the variance of the mth predicted

performance parameter, and S2
in is the variance of the input parameter.

The acceptance criteria for the DT robustness are established based on a require-

ment that the DT should not introduce additional uncertainty or propagate the

uncertainty (from input to output parameters). This requirement implies that the

uncertainty of the normalised output parameters should not exceed the uncertainty

of the normalised input parameters. Hence, uncertainty ratio values below 1 indicate

that DT robustness is assured.

From the results of these three steps, the calculated metrics are summarised in

a tabular format, as presented in Table 4.3. The trustworthiness table provides an

intuitive assessment, this supporting decision making.
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Table 4.3: Trustworthiness assurance table

Steps Acceptance Criteria Trustworthiness Checks

Validation Acceptable Errors Pass/Fail

Verification Trade-offs Soundness Pass/Fail

Robustness Uncertainty ratio Pass/Fail

4.3 Simulation-based Data Generation

A framework for generating needed datasets is illustrated in Figure 4.4. The frame-

work employs the developed trustworthy DT framework and consists of four stages.

Figure 4.4: Systematic framework for generating needed datasets for anomaly
diagnosis model

Stage 1 deals with digital twin management. The reference engine particulars
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are employed, and the investigated engine DT is developed according to Phase 1

of the framework (physical model-based DT development). The engine particulars

include geometrical information, turbocharger component performance maps, and

measured engine performance parameters. To extend the engine operating envelope,

which accommodates anomaly conditions and a wide range of ambient conditions, a

reference engine anomaly summary table and reference engine operating data are

employed. The anomaly summary table provides critical components for investigating

anomalies and outlines their functions within the physical model. This information

is provided as input to Phase 2-A of the framework (progressivity).

Stage 2 deals with DT trustworthiness management according to Phase 3 of the

framework (DT trustworthiness assurance). Engine experimental data are employed

for the validation step, reference trade-offs for the engine performance parameters

are used for the verification step, whereas an input parameter reference profile is

employed for the robustness step.

Stage 3 focuses on data generation. Simulation scenarios are designed correspond-

ing to the application of the generated datasets, considering the engine operating

envelope, anomalies, and environmental conditions. Simulation runs are performed

to generate the engine performance parameters for these scenarios. The simulation

results are integrated to generate datasets.

Stage 4 deals with the data processing of the generated simulation datasets.

The data processing includes feature selection, data cleaning, data smoothing, and

normalisation. The processed datasets are then organised into a development dataset

that includes labels and an application dataset that isolates health labels.

4.3.1 Data Generation

To explore a wide engine operating envelope effectively, this study employs DOE

[192]. The GT-SUITE DOE tool [168] with the Latin hypercube method is used to

define the number of samples required to adequately represent the operating envelope

[181].

The anomaly threshold is identified by examining engine cylinder valve leakages

within the 0–1.0 mm range using DOE. The variation of performance parameters is

noticeable between 0.2 mm and 0.3 mm. For the classification task, the generated
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anomaly datasets include three anomaly steps: acceptable level (0.1 mm), weak

leakage (0.3 mm), and severe leakage (0.5 mm). For the regression task, the generated

time-series datasets include continuous anomaly propagation from health condition

of 0 mm valve wear at 0 running hours to failure condition of 0.3 mm valve wear at

4,000 running hours.

4.3.2 Data Processing

Recent advancements in sensor and information technology have significantly fa-

cilitated the acquisition of ship machinery system measurements [193]. However,

conditioning of the acquired datasets is required to remove bias and noise, as well

as identify human transcriptional errors and missing values [6, 117]. Additionally,

challenges pertaining to big data, multiple sources, synchronisation, and diverse

data structures must be addressed. To effectively manage the extensive and diverse

ship machinery data, an appropriate data management is required. However, the

data management system is left outside the scope of this study, to focus on the

critical functions of developing and managing data-driven models. This study only

considers data storage to collect datasets from multiple sources and data processing

to remove missing values, duplicates, outliers, irrelevant features, and inconsistent

dependencies.

The correlation between engine performance parameters and HI of simulation

datasets is evaluated for feature selection, employing the Spearman’s coefficient

computed via Equation (4.9). Features exhibiting absolute Spearman’s coefficient

values exceeding 0.9 are selected for the PHM model development.

The Savitzky-Golay (savgol) smoothing filter [194] is employed to reduce stochas-

ticity in datasets while preserving the shape of the original signal, unlike moving

average methods. The savgol filter, typically used in signal processing, employs a

polynomial function to fit the signal within each time window, thereby removing noise

and outliers, imputing missing values, and identifying underlying trends [87]. This

study employed a polynomial order of 3 to accommodate the data non-linearities.

The data processing also employs the Min-Max normalisation [195] method to

remove inconsistent dependencies between performance parameters (features) by

fitting all data values within the same range (m to M) according to Equation (4.10).
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Chapter 5

Data-driven Prognostics and

Health Management Model

5.1 PHM Model Development

Fault diagnosis models aim to identify and understand the current health class of the

reference system [196]. Data-driven fault diagnosis typically employs classification

algorithms to determine health classes. This study employs supervised learning

methods with simulation-generated labelled training datasets, as these methods

surpass semi-supervised or unsupervised learning methods when extensive labelled

data is available. The diagnosis model includes sub-models for anomaly detection,

identification, and isolation. The detection models employ binary classifiers to

determine the system condition as either healthy or abnormal. The isolation models

employ multi-class classifiers to determine the anomaly location (cylinder). The

identification models employ multi-class classifiers to determine the anomaly types

(sub-systems or components). For maintenance decision making, the identification

results are more important than the isolation results [197].

The health prognosis model employs the trend modelling method, which exhibits

a low prediction error and a good generalisability [97]. The health prognosis model

includes one HI construction sub-model and multiple HI forecast sub-models for each

component. The HI construction sub-model estimates the HIs for each component

by using performance parameters as input. The HI construction model employs

multi-input multi-output regression algorithms to construct the HI values of each
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component from multivariate data. Each HI forecast sub-model employs the HI

pertaining to a specific component, derived from the output of the HI construction

sub-model, to predict the HI in future time slices for the same component. The HI

forecast model employs time series forecast algorithms to predict the HI for future

time slices based on the HI values of the past time slices. In the HI forecast models,

probabilistic methods are also employed to quantify the uncertainty of the forecast

result. Subsequently, the RUL is estimated using the predicted HI and a predefined

end-of-life (EoL) point [107]. Maintenance decisions are made based on the estimated

RUL and HI.

To select the most effective methods for the sub-models, applicable methods

determined from literature review are explored and compared in the following

chapters.

5.1.1 Fault Diagnosis Model

The performance of applicable methods are compared using the Classification Learner

in the MATLAB toolbox, and a fault diagnosis model with a selected method is

developed in Python for seamless integration with the PHM model. This study

considers the following six algorithms and their derivatives to determine the most

effective algorithms for marine engine diagnostics: Logistic Regression, KNN, SVM,

Naive Bayes Classifier, and MLP.The one-versus-one method [198] is employed for

multi-classification of anomaly identification and isolation. The dataset with labels

is divided into training and testing sets, ensuring the testing set contains an equal

number of samples per class.

Logistic Regression is a powerful model for linear and binary classification

tasks due to its easy implementation [199]. The logistic regression uses the logistic

sigmoid function (Equation 5.1), where z is the net input. The input z is the linear

combination of weights wi and input features xi, representing the logit function of

the conditional probability that a particular example belongs to class 1 as shown

in Equation (5.2). The logit function (Equation 5.3) is the natural log of odds

( p
(1−p)

) which means the odds in favour of a particular event, where p stands for the
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probability of a class.

σ(z) =
1

1 + e−z
(5.1)

z = wTx =
m∑
i=0

wixi = logit(p(y = 1|x)) (5.2)

logit(p) = log
p

(1− p)
(5.3)

KNN is a simple non-parametric machine learning model using a local interpolation

approach. The approach approximates a new value with its K-nearest neighbours by

majority voting for classification tasks and averaging for regression tasks [200]. This

study selects the KNN because of its simple prediction process and low computational

cost with low-dimensional data. During the hyperparameter tuning, the values of 1,

10, and 100 were tested for the number of neighbours. Consequently, the value of 10

was selected.

SVM employs decision hyperplanes, which have minimum overall error [201] and

estimates classes of new data with the trained hyperplanes [202]. However, the

kernel function, which transforms nonlinear data into linearly separable data, is

additionally required since the SVM was originally designed for linear problems [96].

The Radial Basis Function (RBF) kernel [203] is employed herein due to its simplicity

in hyperparameter tuning, including only one hyperparameter (σ), according to

Equations (5.4) and (5.5).

κ (x1, x2) = exp

(
−∥x1 − x2∥2

2σ2

)
(5.4)

where κ denotes the kernel function of two-dimensional inputs (x1, x2) and σ is the

width of the kernel.

F (x) =
n∑

i=1

wiκ (x, xi) (5.5)
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where F denotes the multidimensional kernel function, n is the number of dimensions,

and w is the weight of dimensions.

Naive Bayes Classifier is based on Bayes’ Theorem and the conditional inde-

pendence assumption (Equation 5.6) [204]. The naive Bayes model trains the joint

probability distribution of input and output parameters based on the conditional

probability distribution. The trained model estimates the output label cj of a new

input x using the biggest posterior probability (Equation 5.8) by Beyes’ Theorem

(Equation 5.9), where K is the number of classes.

P (X = x|Y = cj) = P (X(1) = x(1), ..., X(n) = x(n)|Y = cj) (5.6)

= Πn
l=1P (X(l) = x(l))j = 1, 2, ..., K (5.7)

y = argmax
x

P (Y = cj)ΠlP (X(l) = x(l)|Y = cj) (5.8)

P (Y = cj|X = x) =
P (X = x|Y = cj)P (Y = cj)

ΣjP (X = x|Y = cj)P (Y = cJ)
(5.9)

MLP is one of the most frequently used deep learning models with multiple

hidden layers [205]. MLP consists of multiple neurones and estimates the output

by calculating a weighted sum of the neurone outputs [206]. This study selects the

MLP due to its universal approximation capability [207]. During the hyperparameter

tuning, the number of hidden layers was searched among the values 1, 2, and 3, as

well as number of neurons was searched among the values 10, 25, and 100. As a

result, the MLP with 2 hidden layers and 10 neurons for each layer was selected.

Training MLP involves adjusting the weights of the connections between neurones to

minimise classification or regression errors [208].

Evaluation Criteria

The performance of the anomaly diagnosis models is characterised by employing the

confusion matrix, whereas the model accuracy is calculated according to Equation
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(5.10). The confusion matrix [209] illustrates the distribution of true and false

predictions over all classes in the tabular format shown in Table 5.1.

A =
TN + TP

TN + TP + FN + FP
100 (5.10)

where A denotes the accuracy percentage, TN is the number of true negative

samples, TP is the number of true positive samples, FN is the number of false

negative samples, and FP is the number of false positive samples.

Table 5.1: Example of a multi-classification confusion matrix for class 2

Predicted Class

T
ru
e
C
la
ss

Class 1 Class 2 Class 3

Class 1 TN FP FN

Class 2 FN TP FN

Class 3 FN FP TN

5.1.2 Health Prognosis Model

The objectives of the health prognosis model are to estimate the HI and RUL of the

degradation components. HI (for each component) represents the health status of

the component in a specific time slice. HI ranges from 1 (healthy) to 0 (failure) and

is calculated by Equation (5.11).

HI = 1− Hc −Hh

Hf −Hh

(5.11)

Where Hc is health-related parameters at the current time slice, Hh is health-related

parameters in healthy conditions, and Hf is health-related parameters in failure

conditions.

The RUL of each engine component is calculated by Equation(5.12) considering

the time horizon (in running hours) until the foretasted HI value reaches a user-defined

threshold.

RUL = RHt −RHc (5.12)
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Where RHt is the running hour at the threshold point, and RHc is the running hour

at the current time slice.

The parameters used to calculate HI and RUL are illustrated in Figure 5.1.

Figure 5.1: Parameters for calculating HI and RUL

HI Construction Sub-model

The HI construction model employs multi-input multi-output regression algorithms

to construct the HI values of each component from multivariate data. Regression

models investigate how variations in input parameters affect output parameters. This

study considers the following six algorithms: Linear Regression (LR), KNN, RF, SVR,

LSTM, and MLP.The algorithms are selected based on those commonly employed

in the literature. The selected algorithms are employed as basic architectures,

facilitating an effective comparative assessment. The algorithms, excluding those

described in the above fault diagnosis section, are described in detail below.

LR fits the regression model to a linear line [210]. In this study, the LR is selected

due to its simple structure and low computational cost. Training of LR is finding

the optimal weights and bias values for the input features to minimise the sum of

squared errors between actual HI and constructed HI. To avoid overfitting, the Ridge

regularisation method is applied to the LR model [206].
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RF is an ensemble learning method consisting of multiple decision trees. The RF

estimates regression results by combining the probabilities from each decision path

[211]. In this study, the RF is selected due to its favourable error and generalisation

ability, attributed to its randomness [212]. Training of RF involves constructing

multiple regression trees using a different bootstrap sample of the training data. The

constructed regression trees estimate individual outputs, and the RF estimates a

regression output by aggregating the results from each tree [213].

SVR is a machine learning model with a generalisation approach. The SVR

disregards errors within specified margins [214]. The SVR is selected for its robustness

to noisy data and strong generalisation ability. In this study, the RBF kernel [215] is

used to extend the linear SVR for non-linear regression problems. Training of the

SVR involves identifying an optimal hyperplane that minimises the regression error

[109].

LSTM is a type of RNN, which includes a series of recurrent units [216]. The

recurrent units include input, forget, and output gates to retain hidden information

over time [106]. LSTM is selected for its ability to process long-term sequential

data by maintaining important information and discarding short-term disturbances.

Training of the LSTM involves adjusting the biases and weights of LSTM cells to

minimise regression errors [217].

HI Forecast Sub-model

The HI forecast model employs time series forecast algorithms to predict the HI for

future time slices based on the HI values of the past time slices. This study tested the

following four deterministic algorithms: ARIMA, LSTM, CNN, and MLP.The basic

architectures of these algorithms are employed. The algorithms, excluding those

described in the above Fault Diagnosis and HI construction section, are described in

detail below.

ARIMA is a statistical model based on the autoregressive concept, which hypothe-

sises that the present value of a time series is dependent on past values [87]. ARIMA

is selected as a representative of traditional forecast methods. The ARIMA combines
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the autoregressive process and the moving average process to predict near-future

data by using time series data [218].

CNN is a specialised deep learning model composed of multiple convolution layers

and pooling layers [111]. In the convolution layer, convolutional kernels slide the

input data space to extract low-dimensional feature maps. The pooling layer reduces

feature map dimensions, and the fully connected layer summarises the features to

predict HI forecast results [74]. The CNN is selected due to its parameter sharing

ability, which reduces the number of trainable parameters and enhances generalisation

ability [219]. Training of CNN involves adjusting the weights in the kernel to minimise

the regression error [217].

Probabilistic Methods for HI Forecast

The probabilistic method estimates the probability distribution of the model output

and quantifies the uncertainty of the HI forecast results. This study estimates

the probability distribution by assuming that RULs follow a normal distribution.

The wide shape of the distribution indicates that the method has high uncertainty;

conversely, the narrow shape of the distribution indicates that the method has low

uncertainty.

For probabilistic HI forecast, this study considers the ensemble method, the

Bayesian variational inference method, and the Monte Carlo dropout method. The

considered probabilistic methods are illustrated employing MLP in Figure 5.2.

Ensemble Method employs multiple parallel models and generates an output by

combining multiple prediction results [220]. Randomly initialised models forecast

HI trends using a shared training dataset [221]. The diverse results from individual

models represent potential HI trajectories of future time slices and provide the

probability of the forecast results [222]. The ensemble method demonstrates superior

generalisation ability and achieves improved performance relative to a single model

[223].

Bayesian Variational Inference employs weights as probability distributions

instead of fixed values and generates output as probability distributions, particularly
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Figure 5.2: Methods for probabilistic HI forecast

in neural network architectures [115]. This probabilistic model is useful for quantifying

the uncertainty of the HI forecast. The probability distribution of the results (output

variables) is calculated by Equation 5.13.

p(HI|t,D) =

∫
p(HI|t, θ)p(θ|D)dθ (5.13)

Where, p(HI|t,D) denotes the probability distribution of the output variables HI

given a new input t and the training dataset D, p(HI|t, θ) is the likelihood function

given the BNN model parameter θ that represents the BNN model weights and

biases, and p(θ|D) is the posterior distribution given the training dataset D.

To approximate the posterior distribution of the output HI for future time slices,

this study employs the variational inference method [224]. The method employs the

variational distribution (qϕ(θ)) and trains the distribution parameter ϕ to make the

distribution as close as possible to the actual posterior distribution p(θ,D). The

Kullback-Leibler divergence (KL-divergence) method is employed to measure the

closeness between the distributions, according to which the loss Loss is calculated
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by Equation (5.14).

Loss = DKL(qϕ ∥ P ) =

∫
θ

qϕ(θ
′) log

(
qϕ(θ

′)

P (θ′|D)

)
dθ′ (5.14)

Where DKL(qϕ ∥ P ) denotes the differences between the variational distribution and

the posterior distribution.

To avoid the need for the posterior distribution p(θ′, D) in Equation (5.14), the

Evidence Lower Bound (ELBO) method is used, which employs Equation(5.15).

∫
θ

qϕ(θ
′) log

(
P (θ′, D)

qϕ(θ′)

)
dθ′ = log(P (D))−DKL(qϕ ∥ P ) ≈ −Loss (5.15)

As log(P (D)) is solely a function of the prior distribution, the maximisation of ELBO

is equal to the minimisation of KL-divergence.

To maximise ELBO, the stochastic variational inference (SVI) method [225]

is employed, which applies the stochastic optimisation method to approximate

the posterior distribution. The BNN training is based on the process reported in

Jospin et al. [224], the main steps of which are listed in the pseudo-code shown in

Algorithm 1.

Monte Carlo Dropout is a simplification technique to implement the Bayesian

approach to deep learning algorithms [224]. The Monte Carlo dropout method

applies stochastic dropout to the hidden layers of existing neural network models

to randomise the results [226]. The randomly generated outputs approximate the

sampled outputs from a posterior predictive distribution [227].

Hyperparameters Setting

For the prognosis model, hyperparameters of the employed methods are tuned

using a grid search with a five-fold cross-validation approach [228], which tests all

possible combinations of hyperparameters [229], to find the best combination. For

HI construction, regressor-based methods like LR, KNN, RF, and SVR utilise the

default settings from the Python ’sklearn’ library, whereas deep learning methods

like LSTM, and MLPs utilises the Python ’keras’ library. Hyperparameters, search

ranges, and selected options for deep learning methods are summarised in Table 5.2.
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Algorithm 1 Development process of BNN
Input:
HI history with time t,
BNN hyperparameters (number of layers and nodes),
Type of distribution for BNN parameters θ (bias and weights)
Number of Epochs Nepochs, Samples Nsamples, and Epochs for early stopping Nes

Output:
Distribution parameters ϕ (mean and standard deviation) for the BNN parameters θ

Define the BNN structure
Define a distribution qϕ(θ)) with distribution parameters ϕ
Initialise the distribution parameters ϕ for bias and weights θ
for epoch = 1 to Nepochs do
Shuffle the HI history dataset
for each mini-batch (tbatch, HIbatch) from the HI history dataset do
for i = 1 to Nsamples do

Sample θi ∼ qϕ(θ) to predict ĤIbatch for θi
end for
Use Equation(5.15) to calculate Loss (L)
Calculate gradients of the Loss (L) w.r.t. ϕ
Use Adam optimiser with the Loss (L) gradients to update the distribution
parameters ϕ
if Loss (L) is not improved for Nes successive epochs then
Terminate training loop

end if
end for

end for
return Distribution parameters ϕ
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Table 5.2: Hyperparameter search for HI construction

Method Hyperparameter search range

LSTM
Number of Neurons [16, 32, 64]

Batch Size [16, 32, 64]
Epochs [30, 50]

MLP

Number of Neurons (1) [16, 32, 64]
Number of Neurons (2) [16, 32, 64]

Batch Size [16, 32, 64]
Epochs [30, 50]

*Bold: Best combination of the hyperparameters

Table 5.3: Hyperparameter search for HI forecast

Method Hyperparameter search range

ARIMA
Number of Lags (p) [0, 1, 2, 3]

Differencing Order (d) [0, 1, 2, 3]
Moving Average Window (q) [0, 1, 2, 3]

LSTM
Number of Neurons [16, 32, 64]

Batch Size [16, 32, 64]
Epochs [30, 50]

CNN

Number of Neurons [16, 32, 64]
Batch Size [16, 32, 64]
Epochs [30, 50]

Kernel Size [1, 2, 4]

MLP

Number of Neurons (1) [16, 32, 64]
Number of Neurons (2) [16, 32, 64]

Batch Size [16, 32, 64]
Epochs [30, 50]

*Bold: Best combination of the hyperparameters

For HI forecast, hyperparameters, search ranges, and selected options for ARIMA

model and deep learning methods like LSTM, CNN, MLP, and BNN are summarised

in Table 5.3. The ReLU (rectified linear unit) serves as the activation function

in deep learning methods, which is a piecewise linear function [217]. Unspecified

hyperparameters use default values in Python libraries.

In the hyperparameter search, the maximum number of neurons for deep learning

methods is limited to 64 to avoid extended searching time. Although the selected

hyperparameters may not be optimal, the employed methods achieved performance

above 0.9 on the R2 score within the limited search range, making the methods

suitable for comparing performances.
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Evalutaion Criteria for HI construction

To evaluate the effectiveness of the selected methods, this study measures computa-

tional cost along with model performance metrics. The run time of each method is

measured from the start of training to the completion of output generation. The

performance metrics employed for the evaluation of each sub-model are described in

detail below.

The selection of appropriate metrics to evaluate the performance of the HI

construction sub-model is varied based on the type of data. When actual HI data

is unavailable, the performance of the HI construction sub-model can be evaluated

through monotonicity, trendability, and prognosability [230]. If RUL information

is available, the correlation with RUL is useful to evaluate the performance of

the HI construction sub-model [104]. If actual HI data is fully accessible, the error

metrics, including but not limited to the coefficient of determination, serve as effective

measures for assessing the performance of the HI construction sub-model.

Monotonicity assesses that the constructed HI has a consistent trade-off to capture

the global degradation trend [230]. Since the degradation process is irreversible, a

perfect score of -1 indicates a continuous decrease throughout the period. In this

study, the Signum formula is used to measure the monotonicity (Mon) as follows:

Mon =
1

M

M∑
j=1

∣∣∣∣∣∣
Nj−1∑
k=1

sgn (xj(k + 1)− xj(k))

Nj − 1

∣∣∣∣∣∣ (5.16)

sgn(x) =


−1 if x < 0

0 if x = 0

1 if x > 0

(5.17)

where xj denotes the measurement vector on the jth sub-system, M is the number

of sub-systems, and Nj is the number of measurements on the jth sub-system.

Trendability assesses whether the constructed HI trend follows a consistent pattern

throughout the operating period [230]. Pearson’s correlation function is employed to

measure the correlation between the constructed HI and the operating time. The

score is in the range from zero (negligible correlation) to one (strong correlation).
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The formula for measuring the trendability (Trend) is presented as follows:

Trend = min |ρ (t, xj)| , j = 1, 2, . . . ,M (5.18)

ρ (t, xj) =
cov (t, xj)

σtσxj

(5.19)

where ρ denotes the Pearson’s correlation function, t is the operation time, M is the

number of sub-systems, cov is the covariance, σt and σxj
are the standard deviations

of t and xj, respectively.

Prognosability assesses the variability of the constructed HI during degradation,

comparing it to the range between its initial and end values [74]. The score range

starts from zero, with a perfect score reaching one. The formula for measuring the

prognosability (Prog) is presented as follows:

prog = exp

(
− std(xHI)

mean|xHI(ini)− xHI(end)|

)
(5.20)

where xHI denotes the vector of constructed HI, xHI(ini) is the initial value of the

HI vector, and xHI(end) is the end value of the HI vector.

Correlation with RUL evaluates the association between the constructed HI

variation and the actual trend of RUL over time [104]. In this study, Spearman’s

Correlation, calculated by Equation 4.9, is used. The score is in the range from -1

(strong reciprocal correlation) to +1 (strong direct correlation) with 0 (negligible

correlation).

Prediction Error Metric evaluates the correctness of the constructed HI values

by comparing them to the actual HI values. This study employs the coefficient of

determination (R-squared, R2) due to its high interpretability. A perfect score is

represented as one, while a negative value means that the direction of the regression

line does not align with the actual trend. The formula for calculating the coefficient

of determination is presented as follows [231]:

R2 = 1−
∑m

i=1(Ŷi − Yi)
2∑m

i=1(Ȳi − Yi)2
(5.21)
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Where m is the number of samples, Yi is the ith actual value, Ŷ is the ith predicted

value, and Ȳ is the mean value of actual values.

Evalutaion Criteria for HI Forecast

The performance of the HI forecast is evaluated using various metrics corresponding

to the function of the model [107]. When the forecast model focuses on the RUL

estimation, the performance of the forecast model can be measured by the RUL

estimation error and the RUL margin of error. When the forecast model focuses

on the HI variation, the performance of the forecast model can be measured by the

overall prediction error and average variability of the regression results. In this study,

the same error metric is employed for both HI construction and HI forecast, resulting

in its singular description in the HI construction section.

RUL error measures the difference between the actual RUL and the estimated

RUL. This study measures the difference directly as follows:

RULerr = RHEoL − R̂HEoL (5.22)

Where RULerr denotes the RUL error, RHEoL is the run hour at the end of life, and

R̂HEoL is the forecasted run hour at the end of life.

RUL Margin of Error(MoE) is employed to quantify the uncertainty of the

RUL estimation. Small MoE implies that the RUL estimation results have less

uncertainty, whereas large MoE implies that the RUL estimation results have high

uncertainty. The RUL MoE is associated with the uncertainty of the HI forecast

models at the end of life point. In this study, a Z-score of 1.96 is employed with a

95% confidence level, as presented in the following equation [232]:

MoE = 1.96
σ√
n

(5.23)

Where MoE denotes the margin of error, whilst σ and n denote the standard

deviation and number of the output variables, respectively.
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Variability is employed to quantify the uncertainty of the HI forecast models

throughout the prediction period. This study calculates the variability by averaging

the standard deviations. The perfect score of the overall average variability is 0, and

the metric is formulated as follows [107]:

OAV =
1

M
ΣM

m=1std(m) (5.24)

Where OAV denotes the overall average variability, M is the number of models, and

std is the standard deviation.

5.1.3 Maintenance Decision Making

The maintenance decision-making system uses the estimated health class from the

diagnosis model and the calculated RUL from the prognosis model. The calculated

RUL includes the deterministic result of the RH at failure and the probabilistic

result of MoE. Decision-making utilises the lower bound of a 95% Confidence Interval

(95% CI) that integrates the deterministic and probabilistic results. The confidence

interval of 95% indicates that the system failure is expected between the lower and

upper bounds with the probability of 95%. The lower bound is utilised instead of the

mean or the upper bound to provide a safety margin for the prognostic uncertainty.

The maintenance decision making is based on user-defined criteria (rule-based).

In this study, two statements are used, considering the estimated HIs and RULs for

each component.

1. The engine needs maintenance if the RUL for at least one component is

expected to be less than the Estimated Time of Arrival (ETA) to the next port,

taking into account the time required for arranging and preparing maintenance

activities. This criterion implies that the component is predicted to experience

failure during the upcoming voyage, before the ship reaches the next port.

2. The engine needs maintenance if the HIs of all components reach the pre-defined

warning threshold. The warning threshold corresponds to the manufacturer’s

maintenance recommendation. This criterion implies that the health conditions

of all components are degraded to a level below the recommended health

condition by the manufacturer for maintenance.
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The maintenance decision criteria used are described as pseudocode in Algo-

rithm 2.

Algorithm 2 Pseudocode for maintenance decision-making

Input: HI, RUL, and ETA
Output: Maintenance Decision

if RUL for one (or more) engine components is less than the ETA to the next port
then
Maintenance is required

else if HIs for all components are less than the warning threshold then
Maintenance is required

else
Continue operation without maintenance

end if

5.2 Framework for Managing PHM Model Man-

agement

A pre-trained (one-time developed) PHM model cannot address the diverse and

dynamic degradation patterns during ship operations. Model management is needed

to maintain the effectiveness of the developed PHM model. A range of real-world

degradation scenarios, both diverse and dynamic, can be managed through iterative

monitoring and updates.

5.2.1 Overall Management

The development of the PHM model employs three main digital tools: the DT, the

HI construction sub-model, and the HI forecast sub-model. These tools are managed

throughout the physical system’s lifetime as illustrated in Figure 5.3.
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Figure 5.3: Use and management of the digital twin, as well as the HI construction and HI forecast sub-models throughout the lifetime of
the physical system
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In practical scenarios, the health conditions of the engine components cannot

be evaluated while in use and can only be measured during engine overhaul. This

study develops a data-driven PHM model management framework considering the

availability of actual measurements. The framework employs only performance

parameters that are accessible during engine operation.

Datasets L(0) and L(1) denote labelled datasets based on measurements of

health conditions and performance parameters. L(0) represents the datasets based

on measurements during the engine trials (shop and sea) performed in healthy

conditions. L(1) represents the datasets based on measurements during maintenance,

when the engine components exhibit degradation or faults. Labelled dataset L(0)

is employed to calibrate the DT, which subsequently is used to generate labelled

simulation datasets for the HI construction sub-model training.

When L(1) is available (after maintenance activities), the trustworthiness of DT

can be evaluated and DT re-calibration can be performed if required. In the latter

case, the re-calibrated DT is employed to generate new labelled simulation data,

which can be used to re-train the HI construction sub-model. The re-trained HI

construction sub-model is then employed to provide the HI at past time slices (using

the respective performance parameters as input), which, in turn, can be used to

re-train the HI forecast sub-models.

Dataset UL(0), UL(1), UL(2), and UL(N + 1) denote unlabelled datasets based

on measurements of performance parameters during the engine lifetime in consec-

utive time slices. The unlabelled data cannot be used to evaluate the DT and HI

construction sub-model performance. However, datasets UL can be provided (as

input) to the HI construction sub-model to estimate the HI at each time slice (e.g.,

HI(t0), HI(t1), etc.), which along with the HI at the past time slices are provided as

input to the HI forecast sub-models to predict HI at future time slices (e.g., HI(t0+),

HI(t1+), etc.). The HI and RUL predictions are then employed to assess the HI

forecast sub-model re-training criteria that include accuracy and robustness metrics.

The error between the forecasted HI (e.g., HI(1t+)) and the constructed HI (e.g.,

HI(t2)) is calculated and used as the error metric. The uncertainty ratio of the

current RUL distribution (RUL(1)) and the initial RUL distribution (RUL(0)) is

used as the robustness metric. If the forecast error and the uncertainty ratio exceed
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their pre-set retraining thresholds, the HI forecast sub-model is re-trained as follows.

Unlabelled datasets up to the current time slice (e.g., UL(0) + UL(1) + UL(2))

are provided as input to the HI construction model, which generated HI datasets of

the past time slices(e.g., HI(t0) +HI(t1) +HI(t2)). The latter is used to re-train

the HI forecast model. The maximum quantity of re-training data is limited to the

maintenance interval of the considered component to avoid excessive computation

for the model re-training.

This research outlines the overall management strategy, with emphasis on the

HI forecast sub-model management. Management of the HI forecast sub-model is

critical for retaining the PHM system performance, particularly because labelled

datasets L(t) are not available during the system operations. This study defines the

research boundary as the management of the HI forecast sub-model. The boundary

is highlighted in Figure 5.3 and the details of the management of the HI forecast

sub-model are illustrated in Figure 5.4. The outside of the research boundary is

expected in future studies.

Figure 5.4: Flow diagram of HI construction data-driven sub-model HI forecast
sub-model management

5.2.2 Re-training Criteria

The data-driven model management re-trains the HI forecast sub-models based on

evaluations of error and robustness metrics. Two criteria are chosen based on the

trustworthiness of the data-driven PHM model and its applicability to autonomous
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ships. Autonomous shipping requires a precise and highly confident RUL estimation

to effectively schedule maintenance activities during the limited duration of port

stays.

The error of the data-driven model is evaluated using the coefficient of deter-

mination (R2) according to Equation (5.21). The re-training based on the error

criteria ensures that the performance of the data-driven model remains above the

specified threshold. The minimum performance requirements vary depending on

the purpose of the model; however, an R2 value of at least 0.5 indicates statistical

significance [233].

The uncertainty of the prediction is quantified as the margin of error with 95%

confidence calculated according to Equation (5.23) is employed to represent the

uncertainty metric of the output variables. The robustness metric for the data-driven

model is evaluated using a predefined uncertainty threshold or the uncertainty ratio

calculated according to Equation (5.25).

Ru =
MoEc

MoEf

(5.25)

where Ru denotes the uncertainty ratio, MoEc is the margin of Error for the RUL

distribution at the current time slice, and MoEf is the margin of error for the RUL

distributions at the first time slice.

The uncertainty associated with the estimation of the RUL is expected to decrease

over time, due to the shortening of the forecast time horizon as the system approaches

failure [234]. The uncertainty of a robust PHM model is expected to have the highest

uncertainty in the first time slices, which employs small training datasets but has a

longer forecast time horizon. This study uses the uncertainty ratio value of 1 as the

robustness threshold for re-training the model.
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Chapter 6

Reference System and Case Studies

6.1 Reference System

The reference physical system in this study is a marine engine along with the sub-

systems and components for its monitoring, control, and safety functions. The engine

is part of a generator set used in electric propulsion systems for generating electric

power. The reference system is the Wärtsilä 8L50DF engine, which is a four-stroke,

turbocharged, and intercooled dual-fuel engine [175], offering flexibility, as it can

operate in diesel or gas modes [235]. The main particulars of this engine are listed

in Table 6.1, whereas the engine’s sub-systems and components which may face

anomalies during the engine’s lifetime are listed in Table 6.2.

Table 6.1: Reference engine system technical specification

Engine Type 8L50DF

Maximum Continuous Rating Power 7800 kW

Nominal Engine Speed 514 rev/m

Cylinder Bore 500 mm

Stroke 580 mm

Number of Cylinders 8

Turbocharger 1 TPL 76
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Table 6.2: Reference dual-fuel generator engine along with sub-systems and
components

Combustion System Air Supply System Fuel Supply System Lubricating Oil System Others

Fuel Injector Turbocharger Fuel Pump LO Pump Cooling Water System

Gas Admission Valve Waste Gate Valve Fuel Filter LO Cooler Safety & Monitoring System

Intake Valve Air Cooler Fuel Rack & Governor LO Filter Compressed Air System

Exhaust Valve Air Filter (Control & Starting)

6.1.1 Engine Anomalies

This study employs seat ring wear degradation in exhaust valves and intake valves.

The valve wear degradation is an unavoidable degradation during engine operations

and require frequent maintenance. The summary table of the anomalies is provided

in Table 6.3.

The wear of the engine cylinder valve seat causes a reduction in the clearance of the

valve stem, as shown in Figure 6.1 [236]. If this reduction exceeds the manufacturer’s

allowance, the valve does not fully close and causes air/gas leakages, leading to

engine efficiency deterioration. To simulate these anomalies, the valve lift profile

and the valve lash were determined based on the manufacturer’s allowances for the

valve stem clearance (0.147–0.199 mm). Hence, the following four severity levels were

considered: No Leakage, Acceptable Clearance, Weak Leakage, and Severe Leakage.

The engine performance parameters with the greater impact from these anomalies as

well as their trade-offs were identified based on the pertinent literature [237, 238].

Figure 6.1: Valve Recession
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Table 6.3: Anomaly summary table – Intake valve and exhaust valve

Component Function
Failure

Mode

Failure

Causes

Failure

Effects

Detection

Method
O S D RPN

Simulation

Input

Simulation

Output

Name
Manufacturer

Limit

Input

Range

Simulation

Steps
Symbol

Intake

Valve

Supply

intake air

into a

cylinder

The

valve is

not fully

closed

Valve

seat wear

Intake air

leakage

→ Engine

efficiency

deterioration

Manual

measurement

of clearance

4 5 6 120
Valve remained

lift and lash [mm]

Normal

clearance:

1.0 mm (cold)

Wear limit:

0.147–0.199 mm

Valve remained

lift: 0–0.75 mm

Valve lash:

0.25–1.0 mm

(4 steps of clearance)

0 mm—No leakage

0.1 mm—Acceptable

clearance/No leakage

0.3 mm—Slight leakage

0.5 mm—Severe leakage

NTC

TExh

pmax

pCA

TCA

FOC

Exhaust

Valve

Releases

burned

gases

from a

cylinder

The

valve is

not fully

closed

Valve

seat wear

Exhaust gas

leakage

→ Engine

efficiency

deterioration

Manual

measurement

of clearance

4 5 6 120
Valve remained

lift and lash [mm]

Normal

clearance:

1.5 mm (cold)

Wear limit:

0.147–0.199 mm

Valve remained

lift: 0–1.0 mm

Valve lash:

0.5–1.5 mm

(4 steps of clearance)

0 mm—No leakage

0.1 mm—Acceptable

clearance/No leakage

0.3 mm—Slight leakage

0.5 mm—Severe leakage

NTC

TExh

pmax

pCA

TCA

FOC
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6.2 Case Studies

The application of digital tools and frameworks within the research methodology is

demonstrated in Chapter 7, utilising the aforementioned reference engine system

and its anomalies. The case studies contain three demonstrations as shown in Table

6.4: Case 1 demonstrates trustworthiness assurance framework, Case 2 determines

appropriate methods for each sub-task in the PHM model using sub-system (EV

only) degradation datasets, and Case 3 demonstrates the integrated PHM model

using multi-system (EV and IV) simultaneous degradation datasets. In Case 2, three

sub-tasks for the fault diagnosis model, the health prognosis model, and the PHM

model management framework are independently examined in Case 2–a, Case 2–b,

and Case 2–c.

The employed datasets are listed in Table 6.5. Datasets for Case 1 and 2-a are

structured data for classification tasks, containing performance parameters and the

corresponding health classes. Datasets for Case 2-b, 2-c, and 3 are time series data,

which include performance parameters, health indicators, and system running time

for regression tasks.
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Table 6.4: Case study summary table

Case Material Scope Details Methodology Phase

1 DT trustworthiness assurance framework
Demonstrating the developed framework

for assuring trustworthiness of DT

Three steps:

Validation, Verification, and Robustness
Phase 1 2 3

2–a Diagnosis algorithms comparison
Investigating applicable algorithms for diagnosis model

under various operating conditions

Logistic regression; KNN; Decision Tree;

SVM; Näıve Bayes Classifier; MLP
Phase 4

2–b Prognosis algorithms comparison
Investigating applicable algorithms for prognosis model

under various operating conditions

LR; KNN; RF; SVR;

LSTM; MLP; ARIMA; CNN
Phase 4

2–c PHM model management framework
Demonstrating developed framework for managing

the trustworthiness of PHM model

Two criteria:

Accuracy and Robustness
Phase 5

3 Integrated PHM model
Demonstrating integrated PHM within complex scenario

(Simultaneous degradation in multiple component)
Multi-components and simultaneous degradation Phase 6
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Table 6.5: List of employed dataset in case studies

Case Study Scope Health Condition Load Anomaly Type Anomaly Severity

1 Trustworthiness(Validation) Healthy 25; 50; 75; 100 – –

1 Trustworthiness(Verification) Healthy; LeakEV ; LeakIV 25; 50; 75; 100 Single 0.1; 0.3; 0.5

1 Trustworthiness(Robustness) Healthy; LeakEV ; LeakIV 25; 50; 75; 100 Single 500 Severities

2–a Fault Detection Healthy; LeakEV ; LeakIV 25; 50; 75; 100 Single Binary

2–a Fault Identification LeakEV & LeakIV 25; 50; 75; 100 Single 42 Severities

2–a Fault Isolation LeakEV 25; 50; 75; 100 Multi-Location Binary

2–a Fault Isolation LeakIV 25; 50; 75; 100 Multi-Location Binary

2–b Health Prognosis – HI Construction Model Training LeakEV 70–85 DOE (Latin Hypercube 6561) Degradation

2–b Health Prognosis – HI Forecast Model Training LeakEV 70–85 Weak Stochasticity and Same Condition Degradation

2–b, c Health Prognosis – Model Testing LeakEV 70–85 Weak Stochasticity and Same Condition Degradation

2–b, c Health Prognosis – Model Testing LeakEV 70–85 Strong Stochasticity and Same Condition Degradation

2–b, c Health Prognosis – Model Testing LeakEV 70–85 Weak Stochasticity and Different Condition Degradation

2–b, c Health Prognosis – Model Testing LeakEV 70–85 Strong Stochasticity and Different Condition Degradation

3 Integrated PHM model - Model Training LeakEV & LeakIV 70–85 DOE (Latin Hypercube 6720) Degradation

3 Integrated PHM model - Model Training LeakEV & LeakIV 70–85 Monotonic + Same Condition Degradation

3 Integrated PHM model - Model Testing LeakEV & LeakIV 70–85 Strong Stochasticity and Different Condition Degradation
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6.2.1 Assumptions

The following assumptions are employed:

• The considered marine engine exhibits a single anomaly type (valve recession),

but multiple degradation components (exhaust and intake valves of each engine

cylinder). The effects from the other engine components anomalies are taken

into account via the considered stochastic degradation pattern. The stochas-

ticity renders the degradation trajectories irregular; however, the degradation

trajectories do not neglect the reference degradation pattern in a long time

interval.

• Unmanned machinery operations were considered, which do not include human

interventions during voyages, such as actual health status measurement or

maintenance activities. Consequently, the actual HI from the simulation

datasets is isolated from the data-driven model development and management

processes. Due to the unavailability of the actual HI, accuracy evaluation and

re-training for the HI construction sub-model are not performed. Moreover,

the HI forecast sub-models employ the estimated HI history produced by the

HI construction sub-model, rather than the actual HI.

• Voyage duration of the considered marine engine was established as one month,

whereas the interval for data-driven model management was set at one week,

as shown in Figure 6.2. During the operations, the engine changed its load

randomly within the considered range; however, it was assumed that the engine

would run continuously without starting or stopping.

• Lastly, the employed HI values and thresholds are assumed to demonstrate the

key functions of the developed methodology. These values can be adjusted in

future studies corresponding to the actual conditions of the considered physical

system.
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Figure 6.2: Timeline for the assumed voyages and management intervals
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Chapter 7

Results and Discussion

7.1 Case Study 1 - Trustworthy Digital Twin for

Data Generation

The DT of reference engine system was developed by the integration of thermodynamic

model, degradation model, and sensor model, followed by a subsequent calibration

process. The developed DT facilitates simulations under both healthy and abnormal

conditions to generate corresponding simulation datasets. The trustworthiness of

the DT was evaluated through the proposed trustworthiness assurance framework.

7.1.1 Trustworthiness Assurance

The DT trustworthiness assurance was based on the outcomes of the validation,

verification, and robustness checks, which are summarised in the trustworthiness

decision table.

In the validation step, simulated performance parameters were compared with the

respective reference engine shop trial data, as shown in Figure 7.1. The estimated

percentage errors for six performance parameters are presented in Table 7.1. The

maximum absolute percentage error was identified as 3% for the fuel oil consumption

at 100% load. However, all predicted parameters (at all loads) satisfied the acceptance

criteria (allowable errors), which appear in the right column of Table 7.1. Hence, it

is deduced that the DT passed the validation check.

In the verification step, the trade-offs of the DT-generated performance parameters
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CHAPTER 7. RESULTS AND DISCUSSION

Figure 7.1: Case 1 – Comparison between simulation results and actual measure-
ments

were compared with the trade-offs reported in pertinent experimental studies. Table

7.2 summarised the sensitivity analysis results, which were used to determine the

trade-offs in the performance parameters caused by variations in the input parameters.

These trade-offs were then compared against those reported in relevant experimental

studies, as presented in Table 7.3 for the ambient temperature variations and Table 7.4

for the anomalies, respectively. The ambient temperature trade-offs were compared

with the trade-offs reported by Whitehouse et al. [239], Serrano et al. [240], MAN

[241], whereas the anomaly conditions trade-offs were compared with those reported

by Kowalski [237]. From these tables, it is deduced that the predicted trade-offs

correspond to the reported ones. Therefore, the developed DT passed the verification

test.

In the robustness step, 524 operating points were employed to perform an un-

certainty analysis of the predicted engine performance parameters. The uncertainty

ratios are presented in Table 7.5. The DT in the various ambient conditions and

anomaly conditions satisfied the robustness acceptance criteria as the uncertainty

ratios of all the predicted performance parameters are below 1. Hence, it is deduced

that the developed DT satisfies the robustness acceptance criteria. The results of

the three steps are summarised in Table 7.6, from which it is confirmed that the

developed DT is considered trustworthy.
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Table 7.1: Validation results – percentage errors

Load [%] 100 75 50 25 Acceptable Error

NTC 0.2 0.0 −1.3 −1.2 ± 2

TExh −2.9 −2.0 0.0 −1.1 ±5 (±25 K)

pmax 1.0 0.9 0.4 −1.1 ±5

pCA 1.7 −1.4 −1.0 0.9 ±2

TCA 0.1 −0.5 −0.1 −1.1 ±1.2 (±4 K)

FOC −3.0 −1.6 −0.5 −0.3 ±3

Table 7.2: Sensitivity analysis results

Input Parameters

Spearman’s Coefficient [–]

NTC TExh pmax pCA TCA FOC

TAmb 0.19 0.84 −0.23 −0.58 0.58 0.35

LeakEV 0.92 0.15 −0.31 0.61 0.76 0.43

LeakIV 0.36 0.56 −0.95 0.40 0.37 0.85

Table 7.3: Verification results – ambient temperature variation trade-offs

Output Parameters
Low Temperature High Temperature

Reference

DT Reference DT Reference

NTC ↓ ↓ ↑ ↑ [240, 241]

TExh ↓ ↓ ↑ ↑ [241]

pmax ↑ ↑ ↓ ↓ [241]

pCA ↑ ↑ ↓ ↓ [241]

TCA ↓ ↓ ↑ ↑ [239]

FOC ↓ ↓ ↑ ↑ [241]
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Table 7.4: Verification results – influence of anomaly trade-offs

Output Parameters

LeakEV LeakIV
Reference

DT Reference DT Reference

NTC ↑ ↑ ↑ ↑

[237]

TExh ↑ ↑ ↑ ↑

pmax ↓ ↓ ↓ ↓

pCA ↑ ↑ ↑ ↑

TCA ↑ ↑ ↑ ↑

FOC ↑ ↑ ↑ ↑

Table 7.5: Robustness results – uncertainty ratio

Input

Load [%]

Uncertainty Ratio [–]

Parameters NTC TExh pmax pCA TCA FOC

TAmb

100 0.001 0.162 0.005 0.006 0.622 0.007

75 0.001 0.151 0.004 0.006 0.605 0.008

50 0.000 0.211 0.003 0.005 0.427 0.010

25 0.000 0.125 0.000 0.001 0.729 0.009

LeakEV

100 0.004 0.055 0.054 0.009 0.573 0.028

75 0.005 0.025 0.030 0.010 0.750 0.024

50 0.004 0.034 0.014 0.004 0.374 0.032

25 0.002 0.060 0.005 0.000 0.082 0.045

LeakIV

100 0.001 0.207 0.009 0.127 0.071 0.028

75 0.001 0.156 0.004 0.139 0.068 0.024

50 0.000 0.084 0.001 0.179 0.105 0.032

25 0.000 0.036 0.000 0.073 0.129 0.045
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Table 7.6: Trustworthiness decision results

Steps Acceptance Criteria

Trustworthiness Checks

Environment Conditions Anomaly Conditions

Validation Acceptable Errors Pass

Verification Trade-off Soundness Pass Pass

Robustness Uncertainty ratio Pass Pass

7.1.2 Data Generation and Application Test

Following the assurance of the developed DT trustworthiness, 79,980 data samples

were generated within the considered operating conditions. Data samples depicted

distinct combinations of operating conditions, integrating input parameters such

as exhaust valve leaks, intake valve leaks, engine loads, and ambient temperatures.

The generated dataset contained several engine performance parameters (NTC , TExh,

TCA, pCA, FOC, pmax for each cylinder). The generated datasets were randomly

split for training and testing data-driven models.

The anomaly diagnosis model was developed using SVM. Figure 7.2 illustrates

confusion matrices with classification accuracies and errors related to detection,

identification, and isolation sub-tasks. The anomaly detection model exhibits an

accuracy of 98.8% with 2,000 test datasets. The anomaly identification model

exhibits an accuracy of 97.6% with 3,000 test datasets. The anomaly isolation model

exhibits an accuracy of 90.1% for determining the location (cylinder number) of

the exhaust valve leakage and an accuracy of 91.8% for determining the location

(cylinder number) of the intake valve leakage with 2,400 test datasets.
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(a) (b)

(c) (d)

Figure 7.2: Case 1 – Anomaly diagnosis results (SVM) (a) Anomaly detection (b)
Anomaly identification (c) Anomaly isolation (LeakEV ) (d) Anomaly
isolation (LeakIV )

The application test results indicate that the generated datasets are suitable

for developing data-driven models. This is supported by the fact that the accuracy

of the anomaly diagnosis models closely matched the values reported in the per-

tinent literature [66, 242], which are in the range of 91.7–99.5% employing actual

measurement data for binary and multi-classification with SVM.
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7.2 Case Study 2 - Data-driven Methods for PHM

Model Development

The commonly used methods in pertinent PHM studies were tested using simulation-

generated datasets. The employed datasets represent diverse operating profiles,

including combinations of either similar or different initial conditions for each com-

ponent and high or low stochastic degradation trajectories. In addition, the PHM

model management framework was tested to confirm its ability to maintain the

trustworthiness of the PHM model within stochastic degradation profiles.

7.2.1 2–a - Fault Diagnosis

The five classification algorithms were employed to detect, identify, and isolate the

engine exhaust and intake valve faults. For testing the algorithms, same number of

samples for each class was extracted. The confusion matrices for each sub-task were

presented in Figure 7.3, 7.4, 7.5, and 7.6. The accuracy of the algorithms for each

sub-task was summarised in Table 7.7.
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Figure 7.3: Fault detection result 1

1Class 1: Healthy, Class 2: Anomaly
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Figure 7.4: Fault identification result 2

2Class 1: LeakEV , Class 2: LeakIV , Class 3: Simultaneous anomalies
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Figure 7.5: Fault isolation result – Exhaust valve 3

3Class 1: Leakage in Cylinder 1, Class 2: Leakage in Cylinder 2, Class 3: Leakage in Cylinder 3,
Class 4: Leakage in Cylinder 4, Class 5: Leakage in Cylinder 5, Class 6: Leakage in Cylinder 6,
Class 7: Leakage in Cylinder 7, Class 8: Leakage in Cylinder 8
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Figure 7.6: Fault isolation result – Intake valve 4

4Class 1: Leakage in Cylinder 1, Class 2: Leakage in Cylinder 2, Class 3: Leakage in Cylinder 3,
Class 4: Leakage in Cylinder 4, Class 5: Leakage in Cylinder 5, Class 6: Leakage in Cylinder 6,
Class 7: Leakage in Cylinder 7, Class 8: Leakage in Cylinder 8
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Table 7.7: Fault diagnosis result table – classification accuracy with testing
datasets

Detection Identification Isolation (EV) Isolation (IV)

LR 99.1% 96% 84.5% 86.3%

KNN 100% 100% 97.6% 98.6%

DT 100% 100% 99.6% 99.9%

SVM 99.5% 97.8% 89.5% 91.5%

NB 93.6% 86.7% 38.9% 37.6%

MLP 100% 100% 100% 100%

KNN, DT, and MLP had no classification error in both detection and identification

sub-tasks. For isolation sub-tasks, MLP consistently maintained a perfect score,

while KNN performed slightly lower in exhaust valve leakage (97.6%) and intake

valve leakage (98.6%). DT also had slightly lower accuracy in both anomalies, as

99.6% in exhaust valve leakage and 99.9% in intake valve leakage. SVM and LR also

performed well with accuracy above 80% in all sub-tasks, however, NB showed the

lowest accuracy across all sub-tasks, particularly in isolation sub-tasks.

7.2.2 2–b – Health Prognosis

Methods for HI Construction

The performance metrics of the selected HI construction methods are summarised in

Table 7.8. The HI construction result plots for each dataset are visualised in Figure

A.1,A.2,A.3, and A.4.

KNN and SVR exhibited shorter run times than other methods, whereas LSTM

and MLP exhibited the longest run time in most datasets. In the monotonicity

criterion, LR had the highest values for most datasets excluding Dataset 4, and

KNN had the lowest values for all datasets. In the trendability criterion, SVR and

RF had the highest value for most datasets, and LSTM had the lowest value for

most datasets excluding Dataset 4. In the prognosability criterion, SVR had the

highest value for Datasets 3 and 4, and LSTM had the lowest value for most datasets

excluding Dataset 1. In the error criterion, MLP achieved the highest R2 for all
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Table 7.8: Performances of the selected HI construction methods

Dataset Method
Run Time Monotonicity TrendabilityPrognosability R2

[s] [–] [–] [–] [–]

Dataset 1

LR 11.6 0.570 0.998 0.973 0.952
KNN 6.3 0.527 0.998 0.962 0.894
RF 19.8 0.548 0.998 0.965 0.947
SVR 7.6 0.540 0.998 0.973 0.938
LSTM 103.6 0.548 0.986 0.976 0.988
MLP 52.8 0.558 0.997 0.967 0.993

Dataset 2

LR 13.4 0.558 0.994 0.932 0.931
KNN 11.7 0.490 0.997 0.960 0.676
RF 24.3 0.513 0.998 0.969 0.808
SVR 5.7 0.533 0.998 0.967 0.766
LSTM 46.9 0.537 0.956 0.835 0.986
MLP 51.2 0.542 0.985 0.835 0.993

Dataset 3

LR 7.3 0.556 0.993 0.964 0.958
KNN 6.3 0.497 0.998 0.959 0.812
RF 19.5 0.554 0.998 0.964 0.869
SVR 7.0 0.544 0.997 0.973 0.766
LSTM 55.2 0.536 0.967 0.957 0.987
MLP 52.8 0.544 0.987 0.956 0.995

Dataset 4

LR 12.6 0.547 0.981 0.924 0.845
KNN 9.5 0.505 0.998 0.958 0.728
RF 22.7 0.553 0.998 0.966 0.781
SVR 5.7 0.523 0.999 0.973 0.751
LSTM 63.4 0.533 0.956 0.875 0.984
MLP 37.1 0.539 0.961 0.868 0.991

*Bold: Best result for each criterion

*Italic : Worst result for each criterion
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datasets. KNN had the worst error for most datasets excluding Dataset 3. The error

criterion results exhibit a similar trade-off with the monotonicity criterion.

In the monotonicity criterion, LR had the highest average value but was below

0.6, indicating that over 40% of constructed HI trends are unrealistic for degradation

processes. Most models scored above 0.9 in the trendability and prognosability

criteria. SVR achieved the highest average values of 0.998 in trendability and 0.971

in prognosability but did not attain the highest error metric, with 0.805 on R2 value,

which is lower than that of deep learning methods. This inconsistency implies that

trendability and prognosability criteria did not adequately evaluate the correctness

of the HI construction methods.

Although deep learning methods had longer run times, they exhibited higher R2

values. MLP achieved the highest average R2 value of 0.993. The best-performing

methods varied depending on the employed evaluation criteria, however, it was

noteworthy that the most accurate method (MLP) did not attain the highest score

in the other performance metrics.

Figure 7.7: Case 2-b – Method comparison result for HI construction

Figure 7.7 visualised the run time and error of the selected methods to identify

the strengths and weaknesses of each method. The top right corner is the ideal result

with the minimum computational cost and the maximum R2 value. The methods

were grouped into two groups: the neural network group and the regressor group.
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The neural network group had high R2 values but relatively high computational cost,

whereas the regressor group had low computational cost but relatively low R2 values.

If error is prioritised, MLP is recommended because of its highest R2 value and

relatively low computational cost. Conversely, if computational cost is prioritised,

LR is recommended for its fast computation and relatively high R2 value.

Effect of Degradation Characteristics The different initial conditions decreased

the R2 value of the HI construction methods. SVR showed the highest R2 value

drop of 0.093 on average, while deep learning methods were not significantly affected.

Performance changes in the other evaluation criteria were less than 0.03 in all methods.

The different initial conditions do not significantly impact the performance of the HI

construction model.

The increasing stochasticity of the degradation trajectories increased error of the

machine learning methods (LR, KNN, RF, and SVR), while it did not affect the error

of the deep learning methods (LSTM and MLP). KNN was the most affected method,

and its R2 value dropped 0.151 on average. However, the other evaluation criteria

did not show any significant reduction. In the prognosability criterion, deep learning

methods decreased more than 0.1 value. These results indicate that increasing

stochasticity leads to increased error in HI construction models, making it more

challenging to develop RUL estimation models.

Methods for HI Forecast

Deterministic Methods The average performance of the deterministic methods

was examined through 30 runs per method. The performance metrics of the selected

HI forecast methods are summarised in Table 7.9, and the result plots are presented

in Figure A.5,A.6,A.7, and A.8.

ARIMA showed the cheapest run time for forecasting HI, and the multiple runs

produced consistent results. However, R2 value for ARIMA was negative for all

datasets, which means that the forecasted HI trajectories were not appropriate for

RUL estimation. CNN and LSTM exhibited the most expensive run times for all

datasets. These were more than 1.5 times longer than the run time of MLP. In the

RUL estimation error criterion, LSTM had the smallest error, and CNN had the
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Table 7.9: Performances of the selected HI forecast method (deterministic)

Dataset Method
Run Time RUL Error RUL MoE R2 Variability

[s] [h] [h] [–] [–]

Dataset 1

ARIMA 204 10698.8 0.0 -1.377 0.000
LSTM 3672 1790.8 6.7 0.954 0.004
CNN 3779 1882.2 43.4 0.917 0.018
MLP 2102 1803.0 9.4 0.956 0.004

Dataset 2

ARIMA 162 12641.3 0.0 -1.934 0.000
LSTM 3478 1853.1 7.0 0.833 0.004
CNN 3348 2066.2 43.5 0.834 0.017
MLP 1842 1881.6 21.2 0.817 0.011

Dataset 3

ARIMA 166 10986.0 0.0 -0.892 0.000
LSTM 3187 1522.9 5.8 0.977 0.003
CNN 2875 1580.5 31.6 0.981 0.016
MLP 1695 1537.6 7.4 0.980 0.004

Dataset 4

ARIMA 178 8902.5 0.0 -1.308 0.000
LSTM 3319 1521.4 5.6 0.896 0.003
CNN 3599 1635.1 37.5 0.807 0.018
MLP 2015 1563.5 17.3 0.882 0.010

*Bold: Best result for each criterion

*Italic : Worst result for each criterion

largest error for all datasets excluding ARIMA. These results align with the RUL

estimation MoE criterion. LSTM had the smallest MoE, whereas CNN had the

largest MoE. In the prediction error criterion, the method with the highest R2 varied

for each dataset, however, all methods, excluding ARIMA, achieved R2 greater than

0.8 for all datasets. On average, LSTM exhibited the highest R2 value, whereas CNN

had the lowest R2 value. LSTM exhibited the lowest variability, whereas CNN had

the highest variability.

ARIMA is the fastest method to predict the HI trend of future time slices,

however, it is not appropriate for prognostics due to its imprecision. MLP exhibited

a lower computational cost compared to the other deep learning methods, while the

R2 value was not significantly different from the other methods, excluding ARIMA.

LSTM exhibited the highest average R2 value of 0.915.

In Figure 7.8, three groups were identified: ARIMA, MLP, and the others.

ARIMA was excluded from recommendations due to its failure to make accurate

predictions. MLP exhibited lower computational costs across all datasets. LSTM

demonstrated higher average R2 value than the other methods. If computational cost

is prioritised, MLP is recommended for its fast computation and relatively high R2

value. Conversely, if error is prioritised, LSTM is recommended for their remarkable

R2 value. However, HI forecasting with LSTM requires high computational cost.
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Figure 7.8: Case 2-b – Method comparison result for HI forecast (deterministic)

Table 7.10: Performances of the selected HI forecast methods (probabilistic)

Method Dataset
Run Time RUL Error RUL MoE R2 Variability

[sec] [h] [h] [–] [–]

Ensemble

Dataset 1 3751 1812.7 9.2 0.955 0.005
Dataset 2 3118 1897.6 16.6 0.831 0.009
Dataset 3 2887 1540.3 8.9 0.980 0.005
Dataset 4 2862 1556.1 22.8 0.887 0.015

Variational
Inference

Dataset 1 781 1785.2 32.5 0.929 0.036
Dataset 2 825 1797.7 52.6 0.809 0.032
Dataset 3 752 1543.9 47.5 0.975 0.029
Dataset 4 744 1552.9 45.8 0.862 0.033

Dropout

Dataset 1 182 1931.2 12.9 0.902 0.011
Dataset 2 139 1929.4 17.5 0.823 0.010
Dataset 3 172 1561.9 23.1 0.963 0.009
Dataset 4 142 1579.0 21.2 0.873 0.010

Probabilistic Methods The performance metrics of the selected probabilistic

methods are summarised in Table 7.10.

In the run time criterion, the dropout method had the smallest run time, whereas

the ensemble method had the heaviest run time. Despite the heaviest run time, the

ensemble method had the highest R2 value and the lowest MoE and Variability for

both RUL estimation and HI prediction. However, the RUL errors and the R2 values

of the three probabilistic methods did not have significant differences on average. The

difference between the method with the largest RUL error (dropout) and the method

with the smallest RUL error (variational inference) was 80.5 hours, which is less than

5% of the estimated RUL values. The R2 values were 0.913 for the ensemble method,
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0.894 for the variational inference method, and 0.890 for the dropout method. The

variational inference method exhibited the largest values in the uncertainty criteria

of MoE and variability.

In the comparison of probabilistic methods, the RUL estimation and prediction

errors of the considered methods were not significantly different. In the RUL error

criterion, the variational inference method had the smallest error of 1669.9 hours,

and the dropout method had the largest error of 1750.4 hours on average. In the

prediction error criterion, the ensemble method had the highest score of 0.913 and

the dropout method had the lowest score of 0.890 on average. On the other hand,

the uncertainty-related criteria showed the distinguishable differences between the

considered methods. The variational inference had 44.6 hours in the MoE criterion

and 0.033 in the variability criterion on average. These values were more than two

times higher than the other methods. Lastly, the run times of the considered methods

showed remarkable differences between the considered methods. The dropout method

runs 158.75 seconds, the variational inference method runs 775.5 seconds, and the

ensemble method runs 3154.5 seconds for generating 30 different prediction outputs

on average.

Figure 7.9: Case 2-b – Method comparison result for HI forecast (probabilistic)

In Figure 7.9, two groups are identified: Ensemble method and the others. Ensem-

ble method attained the highest average R2 value, however, it is not recommended
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due to its exceptionally high computational cost. Considering both prediction error

and computational cost, dropout method is recommended for its fast computation

and acceptable prediction error for HI forecast.

Effect of Degradation Characteristics All methods did not show significant

changes in prediction error when exposed to different initial condition profiles, with

the R2 score increasing by a maximum of 0.044. ARIMA showed the most remarkable

performance improvement; however, the performance was still negative for the HI

forecast sub-task. The uncertainty of the HI forecast and RUL estimation was

reduced in the deep learning methods. The initial conditions have negligible influence

on the forecast model, as it independently predicts each cylinder’s HI trend.

In all methods, increasing stochasticity led to reductions in prediction error by at

least 0.1 in the R2 score, as well as increases in RUL errors. However, the changes

were not significant, with most increments being up to 119 hours, as observed in the

CNN. The uncertainty of the HI forecast and RUL estimation increased with the

high stochasticity, except for LSTM. Simple deep learning models like MLP have

a relatively large impact, whereas specialised deep learning models like LSTM and

CNN have a relatively small impact. The run times of the methods increased and

decreased depending on the methods, but the changes were not significant.

Methods Recommendation and Integration

The comparative assessment results indicate that each method has its strengths and

weaknesses, and the most effective method varies depending on the circumstances

and requirements. In this research, the recommended methods were integrated

considering both prediction error and computational cost. For both HI construction

and forecast sub-models, MLP is recommended due to its high R2 value and relatively

low computational cost. The integrated method is used to develop an RUL estimation

model, which is applicable within PHM systems for marine engines.

The performance metrics of the PHM model developed that integrates the MLP

and the dropout method are summarised in Table 7.11, and the result plots for each

dataset are visualised in Figure A.9,A.10,A.11, and A.12.

The run time for the entire RUL estimation process took 220 seconds on aver-
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Table 7.11: PHM model performances with recommended methods

Dataset
Run Time C-Erra RUL Error RUL MoE F-Errb Variability

[sec] [–] [h] [h] [–] [–]
Dataset1 209 0.969 1755.7 7.6 0.913 0.008
Dataset2 218 0.954 1982.6 7.0 0.777 0.008
Dataset3 229 0.969 1686.7 8.3 0.900 0.007
Dataset4 223 0.947 1680.4 7.7 0.782 0.007

a HI Construction Sub-model Error (R2)
b HI Forecast Sub-model Error (R2)

age.The combined RUL estimation model exhibited an average R2 of 0.960 for the

HI construction sub-task and 0.843 for the HI forecast sub-task.

7.2.3 2–c – PHM Model Management with Maintenance

Decision Making

In Case 2-c, the PHM model management and maintenance decision-making processes

were demonstrated using the health prognosis sub-model with MLP for the HI

construction sub-task and BNN for the HI forecast sub-task. The prognosis sub-

model was trained using development datasets with less stochastic degradation

patterns and the same initial conditions, then tested using application datasets with

more stochastic degradation patterns. Two application datasets, with same and

different initial conditions respectively, were employed to investigate the impact of the

initial condition for investigating the impact of initial conditions on the performance

of the PHM model management and maintenance decision-making processes.

Same initial conditions

Figure 7.10 presents the prediction error and uncertainty ratio variations of the

HI forecast sub-models in Case 2-c (1). It is inferred that the performances of the

HI forecast sub-models were managed above the pre-defined re-training threshold

throughout the 12 weeks of operation apart from the first week. The HI forecast

sub-models were re-trained seven times based on the error criteria and four times

based on the robustness criteria during the 12 weeks of operation. In the first week,

the HI forecast sub-models for Cylinders 3, 5, and 7 exhibited negative R2 values

and required re-training. Despite re-training in the first week, the sub-model for

Cylinder 7 did not achieve the minimum required R2 value. However, the R2 value
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was improved and retained above the minimum requirement in the subsequent weeks.

The lowest R2 value of 0.24 was observed for Cylinder 4 at Week 11; however, it

increased to 0.89 after re-training.

(a) Prediction error variations (b) Robustness variations

Figure 7.10: Case 2-c (1)– HI forecast sub-models performance variations

The HI forecast sub-model results and re-training decision for Cylinder 6 are

summarised in Table 7.12, whereas the HI variation trends for Cylinder 6 are presented

in Figure 7.11. The data-driven model management process updated the HI forecast

sub-model for Cylinder 6 once in week 7 during 12 weeks of operation. A maintenance

decision was made at Week 12 (2,184 hours) as the HI of Cylinder 6 was forecasted to

cross the failure threshold at 2,701 hours. The RUL at the time of decision-making

was 517 hours, which was smaller than the estimated time of arrival (ETA) to the

next port. The margin of error with 95% confidence was reduced from 5 hours in

Week 1 to 2 hours in Week 12.

Table 7.12: Case 2-c (1) – HI forecast sub-model results and management for
Cylinder 6

Results Unit W1a W2 W3 W4 W5 W6 W7 W8 W9 W10 W11 W12
Re-training – No No No No No No Yes No No No No No

R2 – 0.85 0.61 0.60 0.64 0.70 0.54 0.84 0.90 0.93 0.93 0.92 0.89
Failure RH b hours 3,024 3,034 3,033 3,052 3,035 3,034 2,701 2,701 2,700 2,701 2,701 2,701

RUL hours 2,688 2,530 2,361 2,212 2,027 1,858 1,357 1,189 1,020 853 685 517
RUL Error hours – 282 – 292 – 291 – 310 – 293 – 292 41 41 42 41 41 41

MoE c hours 5 4 4 4 4 4 3 1 1 2 2 2

a Week Number
b Actual Failure RH: 2,742 (hours)
c Margin of Error
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Figure 7.11: Case 2-c (1) – HI variation trend for Cylinder 6

Different initial conditions

Figure 7.12 presents the prediction error and uncertainty ratio variations of the HI

forecast sub-models in Case 2-c (2). A negative R2 value was observed for Cylinder

1 despite re-training in week 1, but the R2 value improved to 0.79 in week 2. In

week 5, the HI forecast models for Cylinders 1, 3, 4 and 5 did not achieve the

minimum required R2 value of 0.5. However, the data-driven model management

process improved the R2 value and retained it above the minimum requirement for all

cylinders in the subsequent weeks. The uncertainty ratio of the HI forecast sub-model

for Cylinder 2 exceeded the re-training threshold in week 2 but was reduced to 0.7

through re-training.
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(a) Prediction error variations (b) Robustness variations

Figure 7.12: Case 2-c (2) – HI forecast sub-models performance variations

The HI forecast sub-models results and re-training decision for Cylinder 3 are

summarised in Table 7.13, whereas the HI variations for Cylinder 3 are presented in

Figure 7.13. The data-driven model management process updated the HI forecast

sub-models twice during operations, in weeks 1 and 5. In Week 6 (1,176 hours), a

maintenance decision was made for Cylinder 3 based on the forecasted HI, which

indicated it would cross the failure threshold at 1,706 hours. The RUL at the time

of decision-making was 530 hours, which was smaller than the ETA to the next port.

The margin of error with 95% confidence was reduced from 7 hours in Week 1 to 4

hours in Week 6.

Table 7.13: Case 2-c (2) – HI forecast sub-model results and management deci-
sions for Cylinder 3

Results Unit W1a W2 W3 W4 W5 W6
Re-training – Yes No No No Yes No

R2 – 0.69 0.73 0.75 0.74 0.85 0.87
Failure RH hours 2,204 2,200 2,197 2,197 1,705 1,706

RUL hours 1,868 1,696 1,525 1,357 697 530
RUL Error hours – 512 – 508 – 505 – 505 – 13 – 14

MoE c hours 7 4 5 5 2 4

a Week Number
b Actual Failure RH: 1,692 (hours)
c Margin of Error

7.3 Case Study 3 - Demonstration of PHM Model

and Frameworks

The integrated PHM model, which employs frameworks for trustworthy DT and PHM

models, was demonstrated through a complex degradation scenario, characterised by
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Figure 7.13: Case 2-c (2) – HI variation trends for Cylinder 3

simultaneous degradation of multiple components.

7.3.1 Simulation-based Data Generation

For extending operating envelope of limited envelope dataset, the trustworthy DT

generated three datasets for training and testing the PHM model: HI construction

training, HI forecast training, and Testing datasets. For the HI construction training

dataset, the Latin hypercube method [181] is utilised to sample 6400 operating points

considering the degradation range and engine operating envelope. For the HI forecast

training dataset and testing dataset, the gamma process model is utilised to generate

stocahstic degradation datasets with 500 operating points and 394 operating points,

respectively. The employed degradation stochasticity and the initial HI for each

dataset are presented in Table 7.14.

Table 7.14: Degradation characteristics for training and testing datasets

Dataset
Types

Degradation
Stochasticity

Initial HI
Comp 1b Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 Comp 7 Comp 8
Comp 9 Comp 10 Comp 11 Comp 12 Comp 13 Comp 14 Comp 15 Comp 16

Training Γ(1, 1)
a 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Testing Γ(0.1, 10)
1.00 0.96 0.93 0.90 0.86 0.90 0.93 0.96
0.86 0.90 0.93 0.96 1.00 0.96 0.93 0.90

a Γ: Gamma Distribution (shape, scale)
b Component Number

The training degradation profile includes low stochastic degradation trajectories

with similar initial conditions for each component, whereas the testing degradation
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(a) Case 3 – HI construction training dataset (b) Case 3 – HI forecast training dataset

Figure 7.14: Case 3 – Training datasets visualisation

profiles are combinations of different initial conditions for each component and high

stochastic degradation trajectories. The training datasets for HI construction and

HI forecast are visualised in Figure 7.14.

The degradation datasets for testing the selected methods are visualised in Figure

7.15. This dataset is useful for evaluating the performance of trained RUL estimation

models in complex degradation scenarios, characterised by both irregular degradation

rates and maintenance schedules.

Figure 7.15: Case 3 – Testing datasets visualisation

7.3.2 PHM Model Development and Management

In Case 3, hyperparameters are searched using the Python Keras-tuner library,

which comes with Bayesian optimisation and random search algorithms. Number

of neurons is searched between 32 and 512, epoch is searched between 30 and 100,

batch size is searched between 16 and 64, activation functions are selected among

ReLu, Tanh, and Sigmoid, learning rate is searched between 0.0001 and 0.01, The

selected hyperparameters for HI construction and forecast models are summarised in

Table 7.15.
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Table 7.15: Hyperparameter settings

Sub-model Fault Diagnosis HI Construction HI Forecast

Methods MLP MLP MLP-Dropout

Number of Layers 3 2 2

Hidden Size 256 480 384

Epoch 50 50 100

Batch Size 32 32 64

Activation Sigmoid ReLU ReLU

Learning Rate 0.001 0.003 0.001

Table 7.16: PHM model performance table

Sub-models

Performance

Compa1 Comp 2 Comp 3 Comp 4 Comp 5 Comp 6 Comp 7 Comp 8
Overall

Comp 9 Comp 10 Comp 11 Comp 12 Comp 13 Comp 14 Comp 15 Comp 16

Fault Diagnosis

b 0.82 0.94 0.95 0.97 0.92 0.92 0.88 0.99
0.89

0.94 0.99 0.82 0.86 0.74 0.87 0.74 0.93

HI Construction

c 0.99 0.96 1.00 0.99 0.98 0.98 0.96 0.99
0.97

0.92 0.95 0.98 0.97 0.98 0.98 0.95 0.98

HI Forecast

c 1.00 0.85 0.99 0.96 0.97 0.96 0.95 0.98
0.95

0.98 0.92 1.00 0.80 0.96 1.00 0.89 0.99

a Component Number

b Percentage Accuracy

c Coefficient of Determination (R2)

Table 7.16 provides a comprehensive summary of the performance metrics for

individual sub-models associated with each component, in addition to presenting

the overall performance. The fault diagnosis sub-model demonstrated an overall

classification accuracy of 0.89, with the lowest accuracy of 0.74 at Components 13

and 15. The HI construction and forecast sub-models exhibited overall regression

accuracies of 0.97 and 0.95, respectively. In the HI construction, all components had

an R2 value greater than 0.92. However, in the HI forecast, the lowest R2 value was

0.8, occurring in Component 12, which employed as the re-training threshold in Case

3.
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Fault Diagnosis

Figure 7.16: Case 3 – Fault diagnosis result visualisation

Figure 7.16 illustrates the classification results of the fault diagnosis sub-model. The

red colour denotes the false positive classification error, whereas the blue colour

denotes the false negative classification error. The most significant classification

error was observed at Component IV7, which diagnosed the anomaly 104 time steps

later than actual anomaly.

HI Construction

Figure 7.17 illustrates the results of the HI construction for each component. Despite

exhibiting fluctuations in the HI construction, the constructed HI consistently aligned

with the actual HI across all components. An abrupt decrease in the HI trend was

detected in Component 3; however, a similar decrease was not detected in Component

11.
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Figure 7.17: Case 3 - HI construction result

HI Forecast

Figure 7.18 presents the prediction error and uncertainty variations of the HI forecast

sub-models in Case 3. It is inferred that the performances of the HI forecast sub-

models were managed above the pre-defined re-training threshold throughout the

6 weeks of operation. The HI forecast sub-models were re-trained six times by the

error criterion and 11 times by the robustness criterion, excluding the first week. In

the first week, most of the components, with the exception of Components 2 and 6,

required re-training and achieved R2 values above the R2 threshold. The lowest R2

value of 0.44 was observed for Component 12 at Week 6; however, it increased to

0.97 after re-training. In the initial two weeks, the re-training process managed to

decrease the uncertainty ratio; however, this reduction was insufficient to meet the

established threshold for Components 7 and 13.
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(a) Prediction error variations (b) Robustness variations

Figure 7.18: Case 3 – HI forecast sub-models performance variations

The HI forecast sub-model results and re-training decision for Component 13

are summarised in Table 7.17, while the HI variation trends for Component 13 are

presented in Figure 7.19. The data-driven model management process updated the

HI forecast sub-model for Component 13 three times over a six-week operational

period. A maintenance decision was made at Week 6 (1,176 hours) in anticipation of

the HI of Component 13 crossing the failure threshold at 1,797 hours. At the moment

of decision-making, RUL was predicted at 621 hours, which was shorter than the

ETA to the next port. The predicted RUL exceeded the actual RUL by 69 hours,

representing a significant improvement from the 650-hour discrepancy observed in

the projection of the first week. The margin of error, with 95% confidence, was

reduced from 12 hours in the first week to 6 hours in Week 6.

Table 7.17: HI forecast sub-model results and management for Component 13

Results Unit W1a W2 W3 W4 W5 W6

Re-training – Yes Yes Yes No No No

R2 – 0.84 0.89 0.94 0.92 0.91 0.88

Warningb/FailurecRH hours 1,406 1,240 847 856 1,798 1,797

RUL hours 1,070 736 175 16 790 621

RUL Error hours - 650 - 484 - 91 - 100 - 70 - 69

MoE hours 12 11 7 5 6 6

a Week Number

b Actual Warning RH: 756 (hours)

c Actual Warning RH: 1,728 (hours)
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Figure 7.19: Case 3 – HI variation trend for Component 13

7.4 Discussion

The framework for ensuring the trustworthiness of physics-based DT includes the

progressivity phase that allows lifetime updates (extension, modification, and addi-

tion) for future applications. Furthermore, physics-based DTs in the framework can

be substituted with data-driven or hybrid DTs to reduce the modelling efforts and

computational costs. In such cases, the trustworthiness criteria need to be updated

to include elements such as explainability, robustness against adversarial noise, and

physical plausibility. The framework enables a partial trustworthiness assurance
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when the DT meets the criteria under limited operating conditions; however, such a

DT is capable of generating datasets within the specified operational boundaries.

In this study, the demonstration of the trustworthy DT framework includes a

limitation of the validation envelope. The validation of the DT cover only limited

operating conditions due to the limited measurement availability. Future studies

are expected to use datasets acquired during engine operations to validate the DT

under broader operational conditions and to improve the quality of both the DT and

generated datasets.

The data-driven model development and management framework provides com-

prehensive guidance on the method search, selection, integration, training, and

management process. Comparison of applicable methods using various degradation

profiles reveals that the most effective methods vary according to the particular

applications. To develop a trustworthy PHM model, an independent assessment of

the applicable methods is recommended, as the effectiveness of a particular combina-

tion may not be universal in all scenarios. The comparison results determine the

strengths and weaknesses of the considered methods, thus supporting method selec-

tion and their integration. In future studies, it is advisable to examine state-of-the-art

derivatives of data-driven methods to test the efficiency of the PHM model.

The results in the demonstration of data-driven model management (Case 2-c)

suggest that a trained data-driven model tends to preserve the degradation trend

obtained from the training dataset. Cylinder 1 in Figure A.6 and Cylinder 7 in

Figure A.8 represent relatively late degradation scenarios, and Cylinder 6 in Figure

A.6 and Cylinder 4 in Figure A.8 represent relatively fast degradation scenarios.

The forecasted HI trends are located below the actual degradation trajectories

in the late degradation scenarios, and the forecast HI trends are located above

the actual degradation trajectories in the fast degradation scenarios. Although the

preservation tendency of the forecast model confers benefits on long-term prediction, it

simultaneously introduces a latent risk for prediction failure in real-world operational

settings.

Cylinder 7 in Figure A.6, and Cylinder 5 in Figure A.8 have abrupt drops

in the degradation trajectories. Such abrupt changes are beyond the predictive

capabilities of previously trained forecast models. The data-driven model management
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strategy within the framework effectively addresses stochastic changes in degradation

trajectories, thereby improving the performance of the data-driven models and

their long-term prognostic capability. The iterative performance monitoring and

re-training with the latest data adjust the forecasted HI trend, reducing the impact

of the stochasticity in degradation trajectories.

The results of the case study underscore the inherent limitations of the data-

driven approach. Specifically, even models that achieve perfect error metrics in the

training phase may exhibit inadequate predictive performance for future degradation

trajectories when these trajectories deviate from historically observed patterns. This

finding highlights the necessity of the data operating envelope extension to train

various patterns within the model, thereby reducing the risk of discrepancies between

historical and future trends.

In the demonstration of the PHM model (Case 3), the uncertainty ratio for

particular components did not meet the established threshold even after retraining.

The uncertainty of the RUL estimation cannot be mitigated if the training data do

not include sufficient information. Future research is recommended to integrate the

data envelope extension process into the prognostic procedure to enhance the data

information and reduce uncertainty.

In this study, the trustworthiness of the data-driven PHM model was evaluated

based on two criteria: error and robustness. However, different applications may

require additional criteria, including explainability. It is advisable to research the

trustworthiness criteria and incorporating them into the framework, in future studies.

Furthermore, comprehensive research on the re-training threshold is expected to

effectively maintain the trustworthiness of PHM models within the proposed PHM

model management framework.
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Conclusions

8.1 Summary

This study developed a methodology for developing and managing PHM models that

overcomes practical challenges in the maritime industry, including limited data avail-

ability and stochastic degradation patterns. The methodology contains six phases,

including physics-based DT, trustworthiness assurance framework, simulation-based

data generation, data-driven PHM model development, PHM model management,

and the demonstration of PHM model with management framework. The trustwor-

thiness of the DT was evaluated and ensured using a framework based on the steps

of validation, verification, and robustness appraisal, while the trustworthiness of

data-driven PHM model was maintained by the iterative monitoring and re-training,

based on the accuracy and robustness criteria. In case studies, simulation-generated

datasets with diverse degradation profiles and data-driven methods selected through

comparative assessments were used to demonstrate the developed frameworks and

digital tools, using the 8L50DF marine engine as a reference system.

8.2 Main Findings

The developed frameworks and digital tools are applicable beyond marine engine

systems to any machinery system in any industry, as long as performance parame-

ters and the corresponding health information are available. The development of

digitalisation platforms across diverse machinery systems is expected to manage the
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health condition of the complex machinery system intelligently and effectively.

The DT development contains a degradation model of engine cylinder valves

by integrating the degradation law model and the stochastic process model. The

degradation modelling process, including the anomaly summary table, DT integration,

and trustworthiness assurance, is applicable to any other anomalies. This study

considered only a limited number of degradation components; however, real-world

machinery operations include simultaneous degradation from multiple components. In

future studies, the addition of multiple degradation components and their interactions

is anticipated to expand the operating envelope of DT and generate realistic datasets.

This study utilises the simulation-based data generation approach to supplement

information to training datasets and to expand the operational capability of data-

driven PHM models. As the performance of data-driven models is strongly affected

by the quantity and quality of training datasets, this strategy is advantageous not

only when the quantity of measurement data is not sufficient but also when the

quantity is sufficient, to enhance the capability of data-driven models in handling

operating conditions that have not been experienced.

The diagnosis sub-model can analyse current health classes with problematic

components and locations; however, the progress of the anomalies cannot be tracked.

In contrast, the prognosis sub-model can estimate health indicators of future time

slices with RULs; however, it necessitates access to substantial historical time series

data and is sensitive to the operating environment. For effective health monitoring

and maintenance decision making, the integration of both diagnosis and prognosis

sub-models is imperative.

This study uses trend modelling approach, including both HI construction and

HI forecast sub-models, to estimate RUL using unlabelled data. Consequently, the

forecast errors are attributable to the performances of both HI construction and HI

forecast sub-models. The accurate HI construction sub-model is fundamentally requi-

site for accomplishing accurate HI forecast. The development of the HI construction

sub-model necessitates a substantial amount of labelled data for training, thereby

making it essential to employ simulation-based data generation using trustworthy

DT.

In prognosis methods, especially for the HI forecast sub-task, probabilistic methods
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are essential for the uncertainty quantification; however, this process is inherently

time consuming. To mitigate computational efforts, it is advisable to employ dropout

methods. Note that this method is applicable only to deep learning algorithms, as it

relies on randomly dropping connections between layers.

Consideration of real-world operating conditions is important, as the operational

environment, accessible data, and data quality in shipboard applications are different

compared to virtual and laboratory tests. Shipboard measurements with health

labels are generally unobtainable in real-world maritime operations. The results of

the case study demonstrated that the simulation-based data generation approach

can mitigate the challenges associated with limited data availability.

The proposed framework uses the assumption that the marine engine is part

of an autonomous ship with a one-month voyage duration and a one-week data-

driven model management interval. However, every ship has a specific operating

environment and voyage schedules. It is essential to customise the model management

parameters considering the specific operating environment and voyage schedules of

each application.

8.3 Novelties & Contributions

The novelty of this research comes from the following four points.

• Trustworthiness of DT is ensured by considering validation, verification, and

robustness steps, while also accounting for DT progressivity, rather than relying

solely on conventional validation against limited measurement data.

• Integration of degradataion law model and stochastic process model to represent

actual degradation patterns of marine engine components.

• Methodology for data-driven PHM model development integrates sub-models

of Diagnosis, HI construction, HI forecast with uncertainty quantification, RUL

calculation, and maintenance decision making.

• Trustworthiness of data-driven model is evaluated and maintained throughout

the system lifetime, considering error and robustness.
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This study made contributions toward addressing particular gaps identified in

the literature review in Chapter 2, as listed in Table 8.1.

Table 8.1: Addressed literature review gaps

Gap Description Addressed?

1 Lack of systematic approach for selecting and inte-
grating data-driven methods

✓

2 Lack of a framework to retain the performance of
the PHM model regardless of the varying operating
conditions

✓

3 Inefficient approach for developing DT under anomaly
conditions

✓

4 Lack of a framework to ensure the trustworthiness of
the DT

✓

5 Lack of PHM method tests in complex degradation
scenarios, including simultaneous degradation in mul-
tiple components and stochastic degradation patterns

△ a

6 Lack of method to apply the health information de-
rived from PHM models in the decision making phase

–

7 Lack of methods to identify the need for data genera-
tion considering the quality and quantity of data

–

8 Lack of methods to identify the decision sensitivity
of fault diagnosis models

–

9 Lack of methods to address sensing errors –

a Partially addressed

1. & 2. A data-driven model development and management framework was proposed

and demonstrated. The framework includes data-driven method selection and

integration to develop a comprehensive PHM model, along with iterative trust-

worthiness evaluation and re-training, taking into account error and robustness

criteria.

3. & 4. A systematic framework was proposed and demonstrated to develop DTs under

anomaly conditions and to ensure the trustworthiness of these DTs. The frame-

work incorporates degradation modelling by integrating the degradation law

model and the stochastic process model, as well as ensures the trustworthiness

by employing three steps of validation, verification, and robustness.
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5. A complex degradation scenario, including simultaneous degradation with

different initial health conditions, was tested to demonstrate the effectiveness

of the developed frameworks and tools. However, this research gap was only

partially addressed by focusing on the degradation of the exhaust and intake

valves, which do not fully represent the intricate degradation processes of the

marine engine.

8.3.1 Contribution to the Maritime Research Domain and

Industry

A framework that evaluates the trustworthiness of DTs and generates simulation-

based datasets contributes maritime research domain by mitigating data scarcity

and facilitating the research of data-driven approaches. To the author’s best knowl-

edge, the trustworthiness of DTs has not been reported in the maritime research

domain, consequently the proposed framework provides validity of the outcome of the

trustworthy DT. Although several researchers have developed promising data-driven

methods, their demonstration is constrained by scarce data. The utilisation of

simulation-based data generation from the trustworthy DT framework provides a

feasible solution to the limited data availability challenge.

Furthermore, a framework to manage the trustworthiness of data-driven models

increases the practical application of the PHM model. In real-world maritime

operation, the operation of complex systems, such as marine engines, is generally

more intricate than the controlled environmental tests of laboratory experiments and

simulations. The maritime industry requires data-driven models that performs in

any operating conditions. To the author’s best knowledge, this is the initial research

considering data availability variations during operations. This study developed a

PHM model management framework that incorporates data availability, consequently

enhancing the PHM system feasibility in maritime applications.

8.4 Achievement of Aim & Objectives

The objectives 1 and 2 were to identify state-of-the-art methods for the development

of PHM models and to analyse the behaviours of the reference marine engine
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system under anomaly conditions, with particular attention to autonomous shipping

operating profiles. These objectives were achieved through a comprehensive review of

the literature on PHM systems, data-driven methods for PHM, and simulation-based

data generation under anomaly conditions. Consequently, the identified and analysed

information contributed to the other objectives, including the development of DT

and data-driven PHM models.

The objectives 3, 4, and 5 focused on the development of trustworthy DT and the

generation of simulation datasets under various operating conditions. These objectives

employed 1D simulation tools with a physics-based DT grounded in first principles.

The DOE with the Latin hypercube method facilitated the DT trustworthiness

assessment, as well as the generation of the extended envelope simulation datasets.

Consequently, the generated datasets facilitated the development of data-driven

models and the model management framework, as well as their demonstrations.

The objectives 6 and 7 focused on the development and management of data-

driven PHM models. These objectives took into account the real-world operating

conditions of ship machinery systems, including stochastic degradation patterns and

multi-components degradation with different initial conditions. MLP and dropout

methods were selected and integrated to achieve an accurate RUL estimation while

incorporating uncertainty quantification.

The last objective 8 was the demonstration of the previous objectives, aligned

with the aim of this research. This objective was achieved by case studies that

developed PHM models using only engine shop test records and maintained the

effectiveness of the PHM models under dynamic operating conditions.

8.5 Limitations

This study focused on the development of digital tools and their trustworthiness

assurance frameworks. The effectiveness of the developed digital tools and frameworks

was demonstrated through case studies; however, the following limitations were

identified.

• The optimisation of data driven model is only lightly explored, providing

opportunities for performance improvement through advanced optimisation
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techniques.

• Rule-based methods used in maintenance decision-making do not guarantee

optimal maintenance planning.

• Simulation-based data generation with Physics-based DT requires substantial

computational effort.

• The developed methodology does not explore both the suitability of acquired

data and the required data quantity through simulations.

• Full-scale validation of the developed digital tools using shipboard measure-

ments was not conducted.

8.6 Future Studies

Based on the limitations of this study, the following research topics are expected to

advance and implement PHM systems in real-world ship machinery operations.

• The health information derived from the PHM model is expected to facilitate

health-aware control. Such intelligent control systems, which jointly aim to

maximise operational efficiency and minimise the risk of breakdown, will be

essential to replace human operators in autonomous shipping. The development

of a health-aware control system is expected to employ optimisation techniques,

coupled with extensive analysis of complex system behaviours to mitigate

unintended consequences.

• The development of an online PHM methodology with hybrid DT is expected

in future studies, aimed at enabling prompt health monitoring and maintenance

decision-making. This online PHM necessitates the use of efficient methods

with high accuracy and low computational cost, alongside the availability of

real-time measurements from the marine engine.

• Future research is expected to develop a holistic PHM methodology that

considers data suitability assessment and DT with maintenance modelling.

The data suitability assessment incorporates the data quality evaluation and
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simulation-based data generation based on the acquired data. The DT is

anticipated to simulate not only degradation behaviours but also influence

of maintenance to represent long-term ship operations. Additionally, the

methodology is anticipated to address the challenge of sensor degradation,

which is a frequent event in real-world operations.
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[56] Tae-eun Kim and Jens-Uwe Schröder-Hinrichs. Research Developments and

Debates Regarding Maritime Autonomous Surface Ship: Status, Challenges

and Perspectives. In New Maritime Business: Uncertainty, Sustainability,

Technology and Big Data, pages 175–197. Springer, Cham, 11 2021. ISBN

978-3-030-78957-2. doi: 10.1007/978-3-030-78957-2{\ }10. URL https://

link.springer.com/chapter/10.1007/978-3-030-78957-2_10.
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Appendix A

Method Comparison Result Plot

This appendix visualised methods comparison results that were described in Section

7.2.2. The selected methods for each sub-model were compared employing four

distinctive testing datasets. Figures A.1, A.2, A.3, and A.4 illustrated the results

for the HI construction model, while Figures A.5, A.6, A.7, and A.8 illustrated the

results for the HI Forecast model. Figures A.9, A.10, A.11, and A.12 illustrated the

HI forecast sub-task results of the integrated prognosis, along with the actual HI

values.
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APPENDIX A. METHOD COMPARISON RESULT PLOT

A.1 HI Construction Method Comparison Result

Plots

Figure A.1: Dataset 1 – HI construction model results for cylinders 1–8
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Figure A.2: Dataset 2 – HI construction model results for cylinders 1–8
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Figure A.3: Dataset 3 – HI construction model results for cylinders 1–8
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APPENDIX A. METHOD COMPARISON RESULT PLOT

Figure A.4: Dataset 4 – HI construction model results for cylinders 1–8
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A.2 HI Forecast Method Comparison Result Plots

Figure A.5: Dataset 1 – HI forecast model results for cylinders 1–8
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Figure A.6: Dataset 2 – HI forecast model results for cylinders 1–8
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Figure A.7: Dataset 3 – HI forecast model results for cylinders 1–8
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Figure A.8: Dataset 4 – HI forecast model results for cylinders 1–8
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A.3 Integrated Prognosis Model HI Forecast Re-

sult Plots

Figure A.9: Dataset 1 – Combined model results for cylinders 1–8

159



APPENDIX A. METHOD COMPARISON RESULT PLOT

Figure A.10: Dataset 2 – Combined model results for cylinders 1–8
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APPENDIX A. METHOD COMPARISON RESULT PLOT

Figure A.11: Dataset 3 – Combined model results for cylinders 1–8
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Figure A.12: Dataset 4 – Combined model results for cylinders 1–8
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