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Executive summary

The thesis, "Towards Smart Maintenance: The Implementation of Predictive Maintenance in the Rail-
way Industry,” examines the integration of predictive maintenance (PdM) technologies within railway
operations, with a particular focus on freight rail. PdM leverages data analytics, machine learning, and
advanced sensors to transition maintenance strategies from reactive or scheduled routines to a proactive,
data-driven approach. This allows for predicting equipment failures before they occur, reducing unplanned
downtime and optimizing maintenance schedules. However, despite its significant potential, the adoption
of PdM in the railway sector remains limited due to technical, financial, and organizational barriers.

By employing advanced algorithms and continuous monitoring systems, PdM predicts component failure
or degradation likelihood. Key technologies, including loT-enabled sensors, machine learning, and big
data analytics, facilitate real-time asset health assessment. Unlike traditional methods, which rely on
fixed schedules or respond to failures after they happen, PdM prioritizes the actual condition of equipment.
This approach minimizes resource waste, extends the lifespan of assets, and improves overall system
reliability.

The literature review highlighted the disproportionate focus on technical advancements within PdM
research for railways, with 58% of studies emphasizing data analytics, condition monitoring, and algo-
rithm development. Comparatively, managerial aspects, such as cost-effectiveness and organizational
readiness, received less attention, accounting for only 18% of research. This large proportion of technical
research gives a preliminary insight into the technological readiness of PdM technology for the railway
industry. Common challenges identified include issues with data standardization, the immaturity of
predictive algorithms, and real-time data processing limitations.

The railway industry struggles with barriers that impede PdM’s implementation. A statistical look at
academic literature finds that technical issues such as integrating diverse data sources, the immaturity of
predictive algorithms, and challenges with real-time data processing are seen as major hurdles. High initial
costs for infrastructure upgrades, sensor deployment, and workforce training add financial hurdles, while
organizational inertia and resistance to change exacerbate adoption difficulties. The lack of standardized
regulatory frameworks further complicates large-scale deployment.

Drawing lessons from sectors like aviation, which has successfully employed standardized data protocols
and advanced analytics, this research underscores the importance of clear frameworks and stakeholder
collaboration. As seen in public infrastructure projects, a phased implementation approach highlights
how incremental deployment can mitigate risks and build stakeholder confidence. These insights are
critical to tailoring PdM strategies to the unique dynamics of the railway sector.

Analytical tools such as Interpretive Structural Modeling (ISM) and Fuzzy MICMAC analysis were em-
ployed in this study to map interdependencies among barriers and identify root causes. Economic viability,
regulatory compliance, and alignment between business goals and technical capabilities emerged as
pivotal factors for overcoming challenges. Cost-benefit analysis using Monte Carlo intervals revealed that
PdM could reduce long-term maintenance costs between 31.3% and 47.8% with a median cost reduction
of 39.5% over two decades, leaving room for a € 0.6 billion investment in PdM technology for freight rail.
Given this cost-reducing opportunity for train operators, the indirect benefits of PAM technology remain to
be explored. Only when there is a full picture of who benefits and to what proportion can a sustainable
investment consortium be initiated.

Addressing these challenges requires more than technical innovation. Establishing data standardization
protocols and fostering collaboration among operators, manufacturers, and policymakers are critical.
Additionally, workforce development programs must equip employees to interpret PdM data and integrate
it into decision-making processes. This thesis emphasizes that adopting PdM in railways demands a
phased, systematic approach informed by lessons from other industries. By prioritizing stakeholder
alignment, regulatory clarity, and organizational transformation, the railway sector can unlock PdM’s full
potential, creating safer, more reliable, and cost-effective maintenance practices for the future.
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Introduction

This chapter introduces the critical role of the railway industry in global transportation and the growing
importance of robust maintenance practices to ensure safety and efficiency. It highlights the transformative
potential of predictive maintenance (PdM) technology, which leverages advancements in data analytics,
machine learning, and sensor technologies to predict equipment failures and optimize maintenance
schedules. Despite these benefits, adopting PdM in the railway sector faces significant technical, financial,
and organizational barriers. The chapter outlines the research problem, objectives, and questions, setting
the foundation for exploring the feasibility of implementing PdM within the railway industry, specifically
freight rail.

1.1. Introduction

The railway industry is a cornerstone of global transportation, ensuring the movement of people and
goods efficiently across vast distances. Robust maintenance practices are essential to maintain such a
critical infrastructure’s safety, reliability, and operational efficiency. Traditionally, maintenance strategies
in railways have relied on corrective or preventive approaches. While effective, these methods often
result in unplanned downtime, higher operational costs, and inefficiencies in resource utilization [8, 13].

PdM has emerged as a transformative approach, leveraging advancements in data analytics, machine
learning, and sensor technologies. PdM enables the prediction of equipment failures before they occur,
optimizing maintenance schedules and minimizing disruptions. This innovation has the potential to
revolutionize railway maintenance, reducing costs and enhancing reliability [44]. Integrating sensor
technologies and energy harvesting methods further paves the way for more sustainable and cost-
effective strategies [29, 74]. By enabling continuous monitoring of critical train components, PdM allows
for the early detection of potential failures, facilitating timely interventions and improving overall operational
efficiency.

Despite its transformative potential, the widespread adoption of PdM in the railway industry remains
constrained by several challenges. These include technological limitations, significant initial investments,
and the complexities of integrating PdM solutions into existing infrastructure while maintaining stringent
safety standards [28, 68]. Addressing these barriers requires a comprehensive understanding of the
technical, organizational, and economic factors that influence the adoption of PdM.

This thesis explores the fundamental barriers to implementing PdM in the railway industry, drawing insights
from successful applications in comparable sectors such as aviation and infrastructure management. By
identifying the key challenges and contextualizing them within the unique dynamics of railway operations,
this study seeks to provide key action points for overcoming these obstacles. Ultimately, the research
aims to streamline PdM adoption, fostering more resilient and efficient railway systems.

1.1.1. Background and significance

To establish a foundation for this research, an initial review of the current state of PdM technologies
in the railway industry will be conducted alongside a comparative analysis of their implementation in
other industries, notably aviation and public infrastructure. This contextual understanding will inform the
problem statement and delineate the knowledge gap this thesis seeks to address.

1



1.2. Research question 2

The current state of predictive maintenance in railways

The global railway sector is transforming digitally, with PdM technologies at the forefront. These systems
analyze data from train subsystems, enabling real-time monitoring and proactive maintenance. By doing
so, they promise to improve fleet reliability, reduce the total cost of ownership (TCO), and enhance
operational efficiency [44]. Condition-based maintenance has already demonstrated success in preventing
equipment failures and optimizing maintenance schedules within the railway sector [28].

Nevertheless, the adoption of PdM in railways is still in its infancy. Key challenges include the need for
more accurate predictive models, integrating disparate data sources, and deploying real-time monitoring
capabilities across extensive and often aging railway networks [68]. Additionally, the high initial investment
in technology and workforce training poses a significant barrier for many operators. The fragmented
nature of railway operations, involving multiple stakeholders such as operators, equipment manufacturers,
and regulators, further complicates PdM implementation.

While some countries, such as Japan, France, and Germany, have initiated strategies for PdM adoption
under broader digitalization programs, these efforts are largely in pilot or early-stage deployment phases
and focus on passenger rail [62, 64, 18]. This leaves a development gap for freight rail. Combined with
the complexity of railway systems and the uneven pace of adoption, it highlights the need for a more
structured approach to scaling PdM technologies.

Lessons from other industries

Other sectors, such as aviation and public infrastructure management, offer valuable insights into overcom-
ing challenges related to PdM implementation. In aviation, PdM has optimized maintenance schedules,
reduced aircraft downtime, and improved fault detection accuracy [65, 47]. Similarly, organizations like
Rijkswaterstaat in the Netherlands have applied PdM to manage critical infrastructure assets such as
bridges and tunnels, addressing challenges of standardization and stakeholder coordination [69, 39].

These examples underscore the potential of PdM to deliver significant benefits while also highlighting the
importance of addressing technical, organizational, and financial barriers. Lessons from these sectors
can inform strategies for the railway industry, particularly in overcoming fragmentation and achieving
scalable implementation.

Problem statement and knowledge gap

Despite the demonstrated potential of PAM technologies, their adoption in freight rail is slow and uneven.
This is primarily due to technical challenges, such as integrating diverse data sources and the immaturity
of predictive models, organizational issues, including coordinating multiple stakeholders, and financial
constraints related to high initial investments. Moreover, a lack of comprehensive cost-benefit analyses
creates uncertainty around large-scale PdM implementation’s return on investment (ROI) [72, 54].

The knowledge gap lies in identifying how these barriers interconnect and influence the adoption process
and determining effective strategies to overcome them. By addressing these issues, this thesis aims to
advance the understanding of PdM implementation in railways, contributing to developing more efficient
and sustainable maintenance practices.

1.2. Research question
Given this background, the central research question of this thesis is:

What critical actions can enable the effective implementation of predictive maintenance technology in the
freight rail industry?

Given the infant stage of digitization in the freight railway industry and the potential advantages of PdM
technology, examining the barriers, opportunities, and steps needed for successful implementation is
crucial. The railway industry, known for its complexity, asset diversity, and extensive stakeholder involve-
ment, lags behind other sectors like aviation and infrastructure management, where PdM technologies
are more advanced. This thesis aims to uncover the current state of PdM technology in the railway
industry as a whole and how lessons from other industries can be tailored to overcome the specific
challenges of railway systems. Additionally, input from the industry will be used to evaluate the current
entrance barriers and economic feasibility of PAM technology in the freight rail sector.

Subquestions
1. What is the current state of predictive maintenance technology in the railway industry?
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This question establishes the foundation by clearly understanding the existing technologies and
their implementation levels in the railway industry as a whole. Understanding the state of PdM in
the railway industry involves analyzing the specific applications within train subsystems, such as
wheels, engines, and braking systems, to understand the possibilities for the freight rail sector. By
assessing the progress made thus far, this subquestion will reveal the scope of PdM’s adoption,
providing insights into the most significant technological advancements and the limitations faced by
the industry.

2. What were the main entrance barriers for PdM technologies in similar industries, and how were
these mitigated?

By investigating barriers in other industries, such as aviation and infrastructure management, this
question identifies key factors and best practices that can be adapted to the railway sector. These
industries share commonalities with railways, particularly in managing large, complex systems
and ensuring safety through regular maintenance. Lessons from the aviation industry, which uses
advanced sensor technology and machine learning for real-time fault detection and has to comply
with rigorous safety requirements, or Rijkswaterstaat’s infrastructure management framework,
which involves coordinating among diverse stakeholders, offer valuable insights.

Understanding how other industries overcame critical barriers to implement PdM provides actionable
strategies for the railway sector’'s approach.

3. What are the driving entrance barriers to implementing predictive maintenance technology on trains
for freight rail operators?

Numerous challenges hinder the implementation of PdM in the railway industry. This subquestion
explores these barriers, which may include technological issues (e.g., integration of real-time
monitoring across multiple subsystems), financial constraints (e.g., high upfront investments in
infrastructure and training), and organizational complexities (e.g., coordination among OEMSs, rail
operators, and regulators) and aims to find the driving barriers.

Driving barriers refer to the key obstacles that slow or prevent the adoption of new technologies
or processes and influence the state of other "dependent” barriers. Identifying these barriers is
crucial for developing strategies to not only these driving barriers but also indirectly other barriers,
thus paving the way for more streamlined implementation processes. By understanding these
driving barriers, stakeholders can prioritize resources, tailor solutions to industry-specific needs,
and accelerate the adoption of PdM technologies.

4. What costs and benefits are associated with implementing predictive maintenance technology for
wheel maintenance on trains for freight rail operators?

This subquestion aims to assess the economic implications of PdM adoption. It will delve into the
immediate costs for cargo rail operators, such as maintenance costs, sensor installations, and
workforce training, and the long-term benefits, including reduced downtime, lower operational costs,
improved safety, and enhanced reliability. Given the limited time available for this research, certain
assumptions will have to be made. Therefore, this model will incorporate confidence intervals using
Monte Carlo Simulations.

Understanding the financial impact of PdM technology will provide stakeholders with a clearer
picture of its economic feasibility. It will also help justify the significant investments required for
its implementation by showcasing the potential for long-term savings and improved operational
efficiency.

1.3. Research proposal

1.3.1. Research objective

This research aims to find critical actions to facilitate the successful implementation of PdM technology
in the freight rail industry. The study will examine the current state of PAM adoption across various
subsystems, identify key advancements and limitations, and analyze best practices from similar sectors
such as aviation and infrastructure management.

The research aims to find the contextual relations between the barriers to PdM deployment in railways
by addressing technical, financial, and organizational barriers withholding the implementation of PdM
technology. A cost-benefit analysis will further evaluate the economic feasibility of PdM, offering insights
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into the long-term gains in efficiency, safety, and reliability. Ultimately, the study will synthesize these
findings into practical recommended actions for guiding operators, OEMs, and policymakers in adopting
PdM technology.

1.3.2. Research design

For this research on facilitating the implementation of PdM technology in the freight rail industry, a
mixed-methods research approach would be suitable [61]. This methodology combines qualitative and
quantitative research, allowing for a comprehensive topic exploration.

Qualitative research
» Case studies: Case studies of PdM implementations in railways and similar industries (e.g.,
aviation, infrastructure) can provide valuable insights into best practices, challenges, and critical

success factors.

» Expert input: Generating input from experts, policymakers, maintenance staff, and literature
can uncover the nuanced challenges and perceptions of implementing PdM technology in the
railway sector. Analyzing these results will highlight where the driving entrance barriers are for
PdM technology.

Quantitative research
+ Statistical mapping of literature: The statistics on the main topics and challenges found in
academic literature will be used to identify the current development state of PdM technology for the
railway industry and create an initial barrier list.

+ Cost-benefit analysis: Quantitative analysis will be central to evaluating the economic impact of
PdM adoption. This can include collecting and analyzing maintenance costs, downtime, failure
rates, and overall ROI data to provide evidence-based recommendations for PAM implementation.

| - Current state of PdM - Barriers to entering PAM in i - Visualize the significance i - Evaluation of findings
i inthe railway industry | railway industry 1 of barriers to implementing
! - Fundamental barriers | - Information on . PdM :

5 1 in similar industries 1 maintenance costs/ ! - Analyzing economic !

a - Potential best practices breakdown costs PdM feasibility '

+ of PdM projects
1 - Identify initial barrier
i list PdM implementation

Analyze barriers

o
L
(72} ' '
ﬁ Prellmlnar}/ literature | Structureq literature ' Interviews industry sa3 Evaluation
© review ! review ! experts
% | |
© ' Create cost-benefit
sa1/sq2 : sQ3/sqs model
: ; : sQ4 :
E_ - Industry background i - Current state of PdM 1 - Data contextual i - Data analys of barriers i - Understanding of the
3 - Identified knowledge gap ! - Map roadmap and key : contextual relationship 1 and cost-benefit data ' results found
! factors in similar i barriers : i - Recommendations for
i implementation projects : - Data for cost-benefits : i implementation

i - Define entrance barriers | analysis

for validation H
i - Define cost-benefit :

model and map required | H H
i data H . .

Figure 1.1: Proposed research design framework demonstrating the individual steps of this thesis.

1.4. Research framework

In Figure 1.1 of the proposal, the research steps are structured to guide studying PdM in the railway
industry. The steps are laid out as follows:

1. Preliminary literature review: This initial step involves gathering information about the industry
background and identifying the knowledge gaps related to PdM in the railway sector. It sets the
foundation for the subsequent research by contextualizing the current state of the PdM technology.
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2. Structured literature review: Building on the preliminary review, this step delves deeper into
specific sources. It aims to establish an understanding of the current state of PdM and develop an
initial entrance barrier list, analyze the implementation of PdM in other industries, and identify best
practices that could be relevant to the railway sector.

3. Analyze barriers: After gathering data from the literature and interviews, this step analyzes
the identified barriers to implementing PdM. This includes looking at organizational readiness,
technological challenges, and economic factors impacting PdM adoption.

4. Create cost-benefit model: A detailed cost-benefit analysis model is developed to assess the
financial viability of PdM technology in the railway industry. This model will be informed by the data
collected in the previous steps.

5. Evaluation: This final step involves evaluating all the findings, including the barriers and cost-benefit
analysis. It aims to draw conclusions and offer recommendations for a streamlined implementation
of PdM technology based on the research results.

Each step is designed to feed into the next, ensuring a comprehensive exploration of the problem and
the development of actionable recommendations for implementing PdM in the railway industry.

1.5. Research methods

A mixed-methods approach will be employed to achieve the objectives of this study on implementing PdM
in the railway industry. This methodology allows for comprehensively exploring the topic by integrating
qualitative and quantitative data.

1. Literature review: The literature review will focus on the implementation of PdM technologies
across industries such as aviation, public infrastructure, and the current state of the railway in-
dustry. A structured review of academic and industry sources will identify fundamental success
factors, challenges, and timelines. This will lay the groundwork for understanding the barriers and
opportunities in the railway sector.

2. Expert input: Input from railway operators, technical experts, maintenance staff, and policymakers
will be incorporated into the barrier analysis. The goal is to uncover the barriers faced in adopting
PdM, such as technological, organizational, and financial barriers.

3. Barrier analysis: This analysis will focus on identifying and understanding the key barriers to PdM
implementation in the railway industry. These barriers include technical integration challenges,
financial constraints, and organizational complexities. Data collected through industry experts and
academic literature will be used to map these barriers, which will then be analyzed using Interpretive
Structural Modeling (ISM) and Fuzzy MICMAC to visualize the most significant factors impeding
PdM adoption.

4. Cost-benefit analysis: A quantitative analysis will be conducted to evaluate the economic impact
of PdM technology. This will compare the operating costs with and without PdM over a time span
of 20 years and provide input on the bandwidth available for investing in PdM technology.

Link between the thesis and the Management of Technology (MOT)

Program

The subject of this thesis, “Towards Smart Maintenance: The Implementation of Predictive Maintenance
in the Railway Industry”, closely aligns with the objectives and themes of the MSc in Management of
Technology (MOT) program at TU Delft. The program educates technology managers, market analysts,
and entrepreneurs in technologically driven, competitive, and international environments. It focuses on
the intersection of technological innovation, organizational strategy, and societal impact elements integral
to this thesis.

Connection with the program's focus areas
Technology Analysis
» The thesis employs advanced analytical tools, such as Interpretive Structural Modeling and Fuzzy
MICMAC analysis, to assess technological barriers and opportunities. This reflects the MOT
program’s emphasis on equipping students with the ability to analyze technological trends and
evaluate their viability.
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* By exploring PdM, the thesis evaluates how advanced technologies like data analytics, machine
learning, and loT can transform railway maintenance. This mirrors the program’s focus on leveraging
technological opportunities to align with organizational goals and market needs.

Strategic decision-making in technological environments
» The research addresses strategic questions central to the MOT program, such as how and when to
adopt new technologies and whether to build or acquire them. The comprehensive cost-benefit
analysis in the thesis supports strategic decision-making by quantifying the economic impact of
PdM implementation.

» The thesis explores challenges such as regulatory compliance, economic viability, and stake-
holder alignment, providing insights into how organizations can navigate complex technological
ecosystems.

Societal trends and technological integration
» The thesis underscores the societal benefits of PdM, such as enhancing railway safety, efficiency,
and sustainability. Identifying these benefits aligns with the program’s goal of preparing students to
anticipate and adapt to societal trends influencing technological adoption.

Organizational context and innovation management
» The research investigates organizational resistance to change and the need for workforce develop-
ment to enable PdM adoption, reflecting the MOT curriculum’s focus on managing technological
innovation within organizational structures.

» The recommendations for phased implementation and stakeholder collaboration illustrate the
practical application of management theories taught in the program.

In summary, this thesis embodies the interdisciplinary and strategic approach central to the MOT program,
integrating technical expertise with managerial insights to address real-world challenges in the railway
industry. By bridging technological potential with organizational and societal considerations, this research
highlights the transformative role of technology management.



Literature Review

This chapter examines the state of PdM technology’s application in the railway industry, focusing on
the technical, managerial, and combined implementation challenges. It identifies gaps in adopting PdM,
including issues with data integration, sensor scalability, and organizational alignment. Drawing compar-
isons with successful implementations in aviation and infrastructure sectors, the chapter highlights key
lessons, such as the importance of data standardization, phased deployment strategies, and stakeholder
collaboration. These insights form the basis for identifying fundamental barriers and opportunities for
PdM adoption in railways, offering a comprehensive foundation for the subsequent analysis in this thesis.

2.1. Introduction

PdM transforms asset management by shifting from traditional reactive and scheduled maintenance
strategies to a proactive, data-driven approach. This paradigm leverages advanced analytics, machine
learning (ML), and Internet of Things (loT) technologies to anticipate equipment failures before they occur.
By doing so, PdAM minimizes unplanned downtime, optimizes maintenance schedules, and reduces
operational costs.

PdM implementation in the railway industry as a whole is currently mostly focused on passenger rail and
leverages sensor technologies and analytical techniques to maintain the integrity of critical components.
Onboard and trackside sensors, as depicted in Figure 2.1, are integral to PdM systems, each catering
to distinct yet complementary monitoring needs. Onboard sensors, mounted directly on rolling stock,
provide real-time, high-resolution data about components such as wheels, bearings, brakes, and bogies.
Accelerometers enable continuous monitoring of rolling stock, identifying issues such as wheel flathess
or bearing overheating in real time. Recent advancements, such as the deployment of wireless sensor
networks, have made onboard systems more accessible and efficient, particularly for vehicles like freight
trains that often lack consistent onboard power [7, 31].

The placement of sensors on rolling stock can be categorized based on the number of sensors, resulting
in three main classes: locomotives, carriages, and freight wagons. Among these, locomotives generally
have the highest number of sensors due to their numerous moving and critical components and easier
access to power. Carriages have fewer sensors, reflecting their simpler design and reduced power
accessibility [37]. Their primary function of carrying passengers requires less intensive monitoring
compared to locomotives. Freight wagons have the fewest sensors, largely because powering them
requires batteries or energy-harvesting mechanisms, adding complexity [52, 9]. Despite these challenges,
freight wagons present the greatest potential for improvement and demand the highest investment due to
the complexities involved in implementing sensor technology. This makes them a particularly intriguing
area for further exploration.

Trackside sensors, positioned strategically along railway infrastructure, complement onboard systems
by monitoring multiple trains simultaneously. Infrared thermography, LIDAR, and acoustic monitoring
assess rolling stock and infrastructure health, detecting issues like track, wheel, or bearing defects [3, 7].

Emerging technologies, such as energy-harvesting sensors and loT-enabled condition monitoring systems
[48, 49, 71], could further enhance PdM capabilities by enabling low-maintenance, real-time monitoring
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of both rolling stock and track infrastructure. The use of PdM technology helps detect existing faults and
predict future failures, allowing operators to optimize maintenance schedules. This proactive approach
could extend component lifespans, reduce operational costs, and enhance safety and reliability [31, 7].

By combining the strengths of onboard and trackside monitoring, modern PdM systems offer a compre-
hensive solution for managing rail assets, aligning with industry trends toward sustainable and efficient
operations. These advancements underscore the transformative potential of predictive maintenance in
reducing unplanned downtime, minimizing infrastructure wear, and preventing catastrophic failures [8,
30, 60, 7, 31, 3].

Switch monitoring

Track monitoring Trackside sensor

Wheel defects

Predictive
maintenance for
railway industry

Bogie monitoring

Bearing defects Onboard sensor

Brake defects

Figure 2.1: Overview of applications for predictive maintenance in the railway industry.

This chapter explores these challenges and compares them with other sectors, such as aviation and
infrastructure, to identify strategies for overcoming barriers to successfully implementing PdM technology
in the railway industry. The chapter is structured as follows: The first qualitative part analyzes the
current state of PAM technology within the railway industry and compares the implementation of PdM
across similar industries, including aviation and infrastructure, identifying lessons and best practices. In
the second part, a quantitative analysis is conducted, identifying the current relevant subjects for PdM
in the railway industry and finding the most prudent challenges identified in academic literature. The
chapter concludes by discussing the common barriers to PdM adoption in the railway sector and outlining
strategies that can help overcome these obstacles based on the successes of other industries. Finally,
an initial entrance barrier list based on literature is presented.

2.2. Qualitative analysis

This section explores the qualitative dimensions of PdM technology, emphasizing its commercial applica-
tions and implementation across industries. By reviewing case studies from the railway sector and similar
fields like aviation and public infrastructure, the analysis identifies key players, strategies, and challenges
in PdM deployment. The insights highlight technological advancements while discussing the persistent
barriers to large-scale adoption. This section provides a comparative foundation for understanding how
lessons from other industries can guide and optimize PdM integration in the railway context.
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2.2.1. Commercial implementation of predictive maintenance technology

A few key players lead the commercial adoption of PdM in the railway sector, although it remains
fragmented and primarily in the pilot phase. All major initiatives mainly focus on passenger rail, leaving
a large gap in freight rail monitoring. These major initiatives include Siemens’ Railigent X Service [21],
which utilizes cloud computing and big data analytics to offer PdM services for rail operators. The system
collects sensor data and employs Al algorithms to predict maintenance needs, though challenges like
hardware deployment, data integration, and standardization have limited its full potential.

Similarly, Hitachi’'s Lumada platform [24] applies digital twin technology to create virtual replicas of
physical assets, enabling precise predictions of component failures. These digital twins help visualize
asset health and optimize maintenance schedules, although the platform’s efficacy in railway applications
still requires broader validation.

Despite these technological advancements, large-scale commercial deployment of PdM in the railway
industry faces significant hurdles, especially in freight rail. These include high implementation costs,
technological complexities, and regulatory barriers. Additionally, resistance to change within the industry
has slowed the adoption process. While industries like aviation and public infrastructure have seen
more rapid adoption of PdM, the railway sector faces unique challenges due to its complex regulatory
environment and legacy infrastructure.

2.2.2. Implementation of predictive maintenance technology in similar industries
PdM technologies have been widely explored in various industries, particularly critical operational effi-
ciency and safety sectors. Aviation and infrastructure sectors offer valuable case studies for the railway
industry due to their complex asset management, high safety standards, and extended asset life cycles.
Analyzing these sectors can extract actionable insights for successfully adopting PdM in railways.

Aviation Sector

The aviation industry has a pioneering role in adopting predictive maintenance strategies due to its
emphasis on safety and cost-efficiency. Airlines such as Delta Airlines and Lufthansa Technik have
demonstrated the potential of PAM to reduce downtime and operational costs by leveraging advanced
data analytics and machine learning.

Delta Airlines implemented a comprehensive PdM system in collaboration with Airbus, which processes
real-time data from aircraft sensors to predict potential failures. This real-time data processing is most
interesting for the railway industry, as airplanes generate many sensors in generating a substantial data
flow [20]. This system allowed Delta to reduce maintenance-related cancellations by 99% and achieve
substantial operational efficiency improvements [45, 14]. This collaboration between Delta and Airbus is
critical as the wiring and placement of sensors require spec certifications.

Key takeaways for the railway industry include the importance of robust data infrastructure and integrating
PdM systems into broader operational frameworks. Delta’s success also underscores the need for a
cultural shift towards data-driven decision-making and continuous improvement, which could be critical
for rail operators aiming to adopt similar technologies.

Lufthansa Technik further emphasizes the advantages of PdM with its AVIATAR platform, which reduces
unscheduled maintenance by up to 30% for aircraft like the Boeing 737. This demonstrates that PdM
can optimize maintenance processes and reduce downtime in highly regulated industries [15, 41]. A
similar focus on digital twin technologies and real-time data monitoring could transform maintenance
practices in the railway sector.

Infrastructure Sector

The infrastructure sector, mainly through the initiatives of Rijkswaterstaat, the Dutch agency responsible
for national infrastructure, has made significant strides in PdM adoption. Rijkswaterstaat’s Data-Driven
Asset Management (DGAM) [57] program focuses on monitoring the health of critical infrastructure assets,
such as bridges, tunnels, and highways. The complexity of these assets, coupled with their decentralized
maintenance processes, mirrors many of the railway industry’s challenges.

A key aspect of Rijkswaterstaat’s success is its focus on standardization across contractors and regions.
By laying out a roadmap for gradually implementing a unified data collection and analysis system,
Rijkswaterstaat managed to harmonize disparate systems and create a more cohesive maintenance
strategy. The railway sector, which involves many stakeholders and asset types, could benefit from
adopting similar standards to ensure consistency in PdM implementation [69].



2.3. Quantitative analysis 10

2.3. Quantitative analysis

This section delves into the quantitative aspects of PdAM research within the railway industry. By analyzing
a curated dataset of 141 academic articles, the study categorizes insights into managerial, technical,
and combined focus areas. Key trends, challenges, and thematic distributions are identified, offering a
statistical overview of the field’s current state. The analysis highlights predominant technical advance-
ments, such as machine learning applications and data monitoring techniques, alongside managerial
considerations like cost optimization and strategic decision-making. This section provides a data-driven
foundation to assess the barriers and opportunities for PAM adoption in railways.

2.3.1. Methodology for quantitative analysis

The quantitative analysis aims to understand the railway industry’s current entrance barriers for PdM from
a technical and managerial focus. To visualize these trends, a dataset of articles is created using Scopus.
Scopus is selected as it is among the largest curated scientific databases. The dataset combines search
terms, filter criteria, and a set timeframe. Combined with manual curation, these selections create a
dataset of 141 articles at the time of writing.

Table 2.1 provides an overview of the search criteria used to compile the dataset for the trend analysis in
this paper. Several notable findings during the process necessitated the introduction of specific search
criteria. Key points about the search criteria are explained below:

* Interchangeable Terminology: There are a lot of different terms for the word "train” in literature,
hence why these synonyms were adopted into the creation of the dataset. Notably, most results,
including the word "train,” are not relevant for trains but for the training of models, making it
impractical to include this word in the search query. The same goes for the search term “predictive”.

» Language Limitation: Articles in the dataset were limited to those published in English. This
decision was made due to the authors’ inability to interpret articles in languages other than English,
such as German and Japanese, making collecting data from these articles impractical.

» Timeframe: Given the rapid advances in PdM technology, only articles from 2018 and newer were
adopted into the dataset. This results in a more accurate overview of which barriers are relevant to
the current state of technology.

Criterium Input Total dataset
Search items "predictive maintenance” OR PdM OR “preventive maintenance” | 639 articles

OR "prescriptive maintenance”
rail OR railway OR rolling stock

Applied filters Published articles only 268 articles
English language only

Timeframe 2018-2024 159 articles

Manual curation | Remove irrelevant literature and duplicates 141 articles

Table 2.1: Steps of search criteria followed to obtain a final dataset of 141 articles

2.3.2. Data acquisition from individual articles

The dataset consisted of 141 academic papers on predictive maintenance in the railway industry. A full
reference list for the final 141 articles can be found in Appendix A. Note that the total number of articles
depends on the availability of articles in the TU Delft library. The dataset is categorized into three focus
areas:

» Managerial focus: Papers primarily discussed strategic, organizational, and business-related
aspects of predictive maintenance.

» Technical focus: Papers focused on developing and implementing machine learning models,
condition monitoring techniques, and predictive technologies.

» Combined focus: Papers that covered both managerial and technical aspects.

The articles were further classified into main topics within each focus area, and the challenges listed
in each paper were identified. A statistical breakdown of the dataset was made, and the proportion of
articles under each focus area was quantified. The frequency of key topics and challenges highlighted in
the papers for each focus group was calculated. This breakdown was performed as follows:
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» Managerial focus: Strategic decision-making, cost optimization, adoption barriers, compliance
issues, and human factors.

» Technical focus: Machine learning techniques, data collection methods, digital twin technologies,
and predictive model integration.

+ Combined focus: Integration of technical frameworks with managerial decision-making, risk
management, cost-benefit analysis, and adoption barriers.

To enhance the clarity of the data presentation, the following visualization techniques were used:

» Pie charts: used to visually represent the overall distribution of the papers across Managerial,
Technical, and Combined focus areas. Pie charts were chosen to provide a clear, high-level view
of the dataset’s distribution.

» Bar charts: represents each focus area’s main topics and challenges. These visualizations allow
for an easy comparison of the different topics and challenges, showing the percentage distribution
within each category.

2.3.3. Results quantitative analysis

This section presents the key findings derived from quantitative PdM literature analysis, focusing on
its applications, challenges, and barriers within the railway industry. Three primary focus areas are
identified by categorizing 141 academic articles into managerial, technical, and combined approaches.
This analysis explores the predominant themes and obstacles associated with PdM, highlighting the
distribution of research emphasis across these areas and identifying the primary technical challenges
and managerial considerations required for effective implementation. The findings in this section offer a
foundation for understanding the current landscape of PdM research in railways, setting the stage for
targeted discussions on overcoming identified barriers to implementation.

2.3.4. Focus area distribution

The dataset of 141 academic papers was categorized into three main focus areas: Managerial, Technical,
and Combined. As shown in Figure 2.2, most of the papers (58%) focused on Technical aspects, covering
the development and implementation of machine learning models and condition monitoring techniques
for predictive maintenance. Papers categorized as having a Managerial Focus constituted 18% of the
total, discussing strategic and organizational aspects of implementing predictive maintenance. The
remaining 24% were classified under Combined Focus, where managerial and technical considerations
were addressed.

Distribution by Focus Area

Combined Focus

Managerial Focus

Technical Focus

Figure 2.2: Distribution of papers by focus area

This breakdown indicates that most academic literature emphasizes technical advancements, with
managerial perspectives and the integration of technical and strategic aspects receiving comparatively
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less attention.

2.3.5. Main topics in each focus area

The key topics within each focus area were consequently explored. The Managerial Focus papers
primarily covered Strategic Decision-Making (40%), followed by Cost-Effectiveness & Budgeting (30%)
and Adoption Barriers (15%). Regulatory Compliance and Human Factors were less frequently discussed,
accounting for 10% and 5% of the papers, respectively (Figure 2.3).

Main Topics in Managerial Focus

Cost-Effectiveness & Budgeting

Adoption Barriers

Categories

Regulatory & Compliance

Human Factors

0 5 10 15 20 25 30 35 40
Percentage

Figure 2.3: Main topics in managerial focus papers

For papers with a Technical Focus (Figure 2.4), the most prominent topics were Al & Machine Learning
(50%) and Data Collection & Condition Monitoring (30%). Papers addressing Digital Twins & loT and
Predictive Model Integration comprised 10% and 10%, respectively.

Main Topics in Technical Focus

Data Collection & Monitoring

Categories

Digital Twins & loT

Predictive Model Integration

0 10 20 30 40 50
Percentage

Figure 2.4: Main topics in technical focus papers

In the Combined Focus category (Figure 2.5), Framework Integration (40%) and Cost Optimization (30%)
were the most frequently discussed topics, followed by Risk Management (20%) and Adoption Barriers
(10%).
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Main Topics in Combined Focus

Integration of Frameworks

Cost Optimization

Categories

Risk Management

Adoption Barriers

Percentage

Figure 2.5: Main topics in combined focus papers

2.3.6. Challenges identified in each focus area

The challenges discussed in the articles were evaluated and were found to vary depending on the focus
area. In the Managerial Focus papers, Data Availability (30%) and Organizational and Cultural Barriers
(25%) were the most frequently cited challenges, followed by Budget Constraints (20%) and Regulatory
Compliance (15%). A small percentage of papers (10%) discussed the challenges related to Human
Expertise (Figure 2.6).

Challenges in Managerial Focus

Data Availability
Org. & Cultural Barriers

Budget Constraints

Categories

Regulatory Compliance

Human Expertise

o
(¢}

10 15 20 25 30
Percentage

Figure 2.6: Challenges in managerial focus papers

In the Technical Focus papers (Figure 2.7), the primary challenges were related to Real-Time Data
handling (30%) and Data Integration (25%). Issues surrounding the Scalability of Predictive Models
and the need for Model Interpretability are 17% and 12% of the papers, respectively. At the same time,
challenges involving Cybersecurity Risks also emerged in 11% of the documents.
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Challenges in Technical Focus

Scalability

Categories

Model Interpretability

Cybersecurity Risks

0 5 10 15 20 25 30
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Figure 2.7: Challenges in technical focus papers

In the Combined Focus category (Figure 2.8), Business-Technical Alignment (35%) and Organizational
and Technological Readiness (25%) were the most frequently mentioned challenges. Additional chal-
lenges included the need for a Skilled Workforce (17%), Infrastructure Complexity (12%), Data Ownership
& Privacy (11%).

Challenges in Combined Focus

Business-Technical Alignment

Organizational and Technological Readiness

Skilled Workforce

Categories

Infrastructure Complexity

Data Ownership & Privacy

0O 5 10 15 20 25 30 35
Percentage

Figure 2.8: Challenges in combined focus papers

The results highlight a predominant focus on technical aspects of predictive maintenance in railway
systems, particularly in developing machine learning models and condition monitoring techniques. Man-
agerial and combined approaches, while less prevalent, emphasize the importance of strategic alignment,
cost-effectiveness, and overcoming organizational barriers. Common challenges identified across all
focus areas include data availability, model interpretability, and the alignment of technical and managerial
strategies for effective implementation of predictive maintenance.
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2.4. Discussion
This section discusses the results, and subquestions 1 and 2 are answered.

Subquestion 1: What is the current state of predictive maintenance technology in the railway industry?

The current state of PdM in the railway industry is characterized by promising technological potential
with limited real-world application. Despite the demonstrated benefits of PdM in optimizing maintenance
schedules and minimizing operational disruptions, the railway industry has not embraced PdM as readily
as other sectors, such as aviation or infrastructure management. This section discusses the observed
barriers to PdM adoption, drawing from both technical and managerial perspectives presented in this
chapter.

Limited deployment and focus on technical research

An analysis of recent literature reveals that approximately 58% of PdM research in the railway industry over
the past six years has been devoted to technical aspects, including data analytics, algorithm development,
and condition monitoring techniques (Figure 2.2). By contrast, only 18% of studies emphasize managerial
concerns, while 24% consider a combined focus that integrates both technical and managerial elements.
This heavy technical emphasis suggests that PdM technology may still be in a development phase where
technical bottlenecks dominate research efforts, limiting the industry’s ability to shift toward deployment.

If PAM were closer to operational maturity, a more balanced research focus would likely emerge, with
greater attention given to management, integration, and implementation strategies. The current focus on
technical challenges points to ongoing algorithm accuracy, data processing, and sensor reliability issues.
For instance, studies on condition monitoring frequently highlight the difficulty in achieving reliable and
real-time data collection across railway assets such as wheels, tracks, and signaling systems, which
are fundamental to effective PdM (Figure 2.7). These limitations underscore that PdM technology, in its
current form, may not yet provide the consistent and actionable insights needed for full-scale deployment.

Technical Bottlenecks in Algorithms and Data Processing

One of the most critical barriers identified in this chapter is the challenge of processing and interpreting
the massive volumes of data generated by PdM systems. Railway networks generate complex datasets
through onboard and trackside sensors monitoring various components. However, the quality and
integration of this data vary significantly, often leading to incomplete or inconsistent inputs for PdM
algorithms. This lack of standardized, high-quality data complicates the development of accurate
predictive models.

Further, real-time data processing remains an area where current PdM solutions fall short. As described in
Figure 2.4, many algorithms used for predictive maintenance require substantial computational resources
to analyze incoming data streams quickly enough to prevent component failures. However, most PdM
systems are still limited in delivering real-time alerts with sufficient accuracy. For example, certain studies
indicate that predictive algorithms for wheel and track degradation have yet to achieve the reliability
needed to consistently forecast maintenance needs without generating false positives or missing critical
faults.

Managerial and Economic Uncertainties

In addition to technical challenges, the chapter identifies significant managerial and economic concerns
that hinder PdM adoption. On a management level, there is ongoing uncertainty about the financial
feasibility of large-scale PdM implementation. While predictive maintenance promises reduced operational
costs and improved asset longevity, its economic benefits are often speculative at this stage due to
limited long-term studies and ROI analyses specific to railway applications.

A particular concern involves allocating responsibility for maintenance decisions based on PdM data.
The decision-making authority in railways typically spans multiple stakeholders, including operators,
original equipment manufacturers (OEMs), and regulatory bodies, all of whom may have differing priorities
and risk tolerances. This fragmentation creates ambiguity regarding who will be accountable if PdM
recommendations lead to unforeseen issues or failures.

Conclusion

In conclusion, PdM for railways remains a vibrant and growing research area, as demonstrated by
the high level of technical innovation. However, the combined effects of technological immaturity and
organizational uncertainty obstruct its broader adoption. This is especially true for the freight rail part
of this industry. Until railway companies can resolve these issues, the industry will likely continue to
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approach PdM cautiously. As such, the following steps should involve collaborative efforts between
technical researchers and industry stakeholders to address the technical and managerial barriers that
have hindered PdM implementation. Because the biggest hurdles are observed for freight rail, the
following chapters will focus on this part of the railway industry.

Subquestion 2: What were the main entrance barriers for PdM technologies in similar industries, and
how were these mitigated?

The barriers to implementing PdM in other sectors, such as aviation and infrastructure, offer valuable
insights into potential obstacles for the railway industry. These industries have encountered similar
challenges with high-stakes maintenance requirements, complex regulatory environments, and diverse
stakeholders.

In the aviation sector, safety protocols are often stricter than those in the railway industry, influencing
how PdM technology is integrated. Aviation benefits from placing sensors during production, bypassing
additional certifications required for retrofitted components. This integration strategy reduces regulatory
hurdles but is less applicable to railways, where retrofitting is more common.

Another critical barrier in aviation is the need for data standardization and frameworks, which are essential
for managing the vast quantities and varied data sources generated by numerous sensors. Without
standardization, data integration becomes challenging, leading to inefficiencies. While the aviation
industry continues to address this need for uniformity, the railway sector could proactively adopt similar
data standards to streamline PdM technology implementation.

Moreover, the aviation industry’s closed nature, with restricted access to detailed information about
specific barriers and mitigation outcomes, presents a challenge to identifying clear solutions. This opacity
makes it difficult to grasp the complete picture of what is happening in the aviation sector. It introduces
the question of whether there is more to learn from this industry.

The structure of Rijkswaterstaat in the infrastructure sector aligns closely with the fragmented nature of
the railway industry. Rijkswaterstaat, a public entity responsible for Dutch national infrastructure, faces
challenges such as fragmented maintenance practices due to the involvement of multiple subcontractors
and regional divisions. This fragmentation leads to a viscous framework for introducing innovations like
PdM, a constraint likely mirrored in the railway industry due to its similarly distributed structure across
contractors and international borders in Europe. Rijkswaterstaat has focused on standardization and
gradual PdM implementation with room for constant stakeholder feedback to mitigate this fragmentation.
A phased approach, prioritizing data standardization alongside incremental technology deployment, has
proven effective.

Conclusion

Overall, the experiences of the aviation and infrastructure sectors underscore the importance of data
standardization and frameworks, phased implementation, and stakeholder involvement. For the railway
industry, adopting these strategies will be essential for overcoming the technical and organizational
barriers to PdM technology.

2.4.1. Initial entrance barrier list

Based on the quantitative analysis of challenges in the railway industry and the most stringent barriers
in the aviation and infrastructure industries. Table 2.2 presents this barrier list, including each barrier's
description. This initial list will form the foundation of the research conducted in Chapter 3.

Table 2.2: Barriers to the implementation of predictive maintenance technology in the railway industry

Barrier Description

Scalability of loT Sensors Deploying loT sensors across the railway network presents
challenges related to their ongoing maintenance. Ensuring that
these sensors consistently function requires additional sensor
monitoring and maintenance efforts.
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Regulatory Compliance The absence of well-established legal frameworks and
standardized government safety certification protocols
complicates regulatory compliance. There is a need for a unified,
clear, and easy-to-follow process for ensuring the technology
meets safety requirements.

Economic Viability Predictive maintenance requires a significant initial investment,
and the return on investment (ROI) is often unclear. The
long-term financial benefits, such as cost savings and risk
reductions, must be demonstrated to justify the upfront costs.

In-House Expertise Successful implementation of predictive maintenance technology
requires training and developing in-house expertise. The
workforce must be skilled in interpreting data from predictive
models and making informed decisions based on that data.

Technological Maturity Effective predictive maintenance relies on high-quality data from
sensors, sufficient computational resources for real-time analysis,
and the development of accurate predictive algorithms. The
technology is still evolving, and achieving the necessary level of
maturity remains challenging.

Data Standardization Due to the variety of data sources (e.g., tracks, wheels, switches)
and the fragmented nature of the maintenance industry, there is a
need to standardize data formats. Without this, integrating data
from multiple sources remains difficult and inefficient.

Data Responsibility and As predictive maintenance depends on connected sensors, the
Security risks of cybersecurity breaches increase. Clarifying data
ownership and ensuring secure data handling protocols to protect
sensitive information is essential.

Organizational Resistance Resistance to change within organizations can slow the adoption
of new technologies like predictive maintenance. Overcoming this
inertia requires addressing concerns and fostering a culture of

innovation.
Integration with Current The current structure of contractors and subcontractors in railway
Maintenance Flow maintenance may need to be restructured. Seamless integration

of predictive maintenance technology will require adjustments to
existing workflows, responsibilities, and contracts.

2.5. Conclusion

This chapter has provided an in-depth review of the literature on PdM technology’s current state, chal-
lenges, and potential strategies relevant to the railway industry. The research identified a significant
emphasis on technical challenges within PAM implementation, such as real-time data integration, scala-
bility of sensors, and model interpretability. However, managerial and organizational issues, including
regulatory compliance, economic viability, and data standardization, also pose considerable barriers.
The largest gains in PAM adoption are observed specifically in freight rail, so the remainder of this thesis
will focus on this area.

By examining implementations in similar sectors like aviation and infrastructure, this review highlights
several critical lessons for the railway industry. In aviation, strategies such as robust data infrastructure,
integration of PdM systems with operational frameworks, and standardized data protocols were instru-
mental in advancing PdM. Similarly, the infrastructure sector, exemplified by Rijkswaterstaat, emphasizes
the importance of phased implementation and stakeholder alignment to overcome fragmented operational
structures. These approaches provide a framework for addressing the unique challenges of PdM in
railways.

The findings suggest that while PdM holds substantial promise for enhancing railway maintenance
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practices, its implementation requires systematically addressing both technical and managerial hurdles.
The next chapter will delve into the contextual relationships between these identified barriers, providing a
structured approach to prioritize and manage the challenges that currently limit the deployment of PdM in

freight rail.



Contextual relations between barriers

This chapter explores the complex interdependencies among the barriers to implementing PdM in
the railway industry. Using Interpretive Structural Modeling (ISM) and Fuzzy MICMAC analysis, this
chapter identifies the contextual relations between barriers, categorizing them based on their driving and
dependency powers. The study reveals foundational challenges such as economic viability, requlatory
compliance, and business-technical alignment that significantly influence other barriers.

3.1. Introduction

This chapter delves into the intricate web of contextual relationships that underpin the barriers to im-
plementing PdM within the railway sector. Understanding these relationships is crucial as it allows us
to identify and prioritize the core factors that hinder PdM deployment. To accomplish this, Interpretive
Structural Modeling (ISM) is utilized as a methodological framework, providing a systematic means of
uncovering interdependencies among the barriers. ISM simplifies the complexity of these relationships,
revealing which barriers are most influential and how they interact with and reinforce each other.

Further enhancing this analysis, fuzzy MICMAC (Matrix of Cross-Impact Multiplications Applied to
Classification) is employed. This approach enables a nuanced categorization of barriers based on their
driving and dependence power. By incorporating fuzzy logic, fuzzy MICMAC accounts for the inherent
uncertainty and variability in expert assessments, thereby allowing a more precise identification of root
causes. The combination of ISM and fuzzy MICMAC offers a comprehensive lens through which the
underlying structure of these barriers is exposed, facilitating the identification of pivotal challenges that, if
addressed, could accelerate the successful integration of PdM.

This analysis aims to identify the driving barriers that, if mitigated, could alleviate other related challenges,
thus streamlining PdM adoption across the freight rail part of the railway industry. This chapter lays
the groundwork for developing targeted strategies that address these root causes by identifying them,
ultimately paving the way for a more resilient and efficient railway maintenance paradigm.

3.2. Methodology

This section details the methodological framework employed to identify, analyze, and prioritize the
contextual relationships among barriers to implementing PdM in the railway industry. The study leverages
ISM to explore interdependencies among barriers, enabling a structured visualization of their influence
hierarchy. Complementing ISM, fuzzy MICMAC Analysis is applied to classify these barriers based on
their driving and dependency powers. These approaches offer a robust approach for uncovering the
critical obstacles to PdM adoption.

3.2.1. Interpretive structural modeling

ISM maps the relationship between different variables introduced during the literature and desk research.
ISM is selected to determine the interrelation between variables holistically. The strengths of this model
are found in the presentation of a complex system in a simplified way, thereby helping in answering what
and how in theory building [66]. The method consists of the following steps [70, 66]:
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Variable identification
» Determining contextual relationships

+ Structural self-interaction matrix

» Reachability matrix

+ Partitions on the reachability matrix
+ Digraph for ISM

3.2.2. Variable identification

The barriers were identified through an extensive literature review as presented in chapter 2, policy
documents, and relevant reports. This process aimed to gather a comprehensive list of variables
associated with potential barriers. Initially, variables were drawn from diverse sources, broadly capturing
relevant factors. Each variable underwent a frequency assessment to determine its relevance and

consistency across sources.

Following the literature review, the flowchart in Figure 3.1 provided a structured approach for validating the
identified variables. According to the flowchart, only frequently occurring variables proceeded to the initial
list. This list was then refined through expert approval. If experts found the list lacking, improvements
were made, and the process was repeated until a final approved list of barriers was established. This
systematic approach ensured that each barrier was validated, contributing to the robustness of the final

selection.

Variables from
literature

Variables from reports
and policy documents

Do not place on
variable list

Does the variable occur frequently?

Yes

Create initial variable

list

<&
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Is the list approved by an expert?
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Figure 3.1: Method for gathering entrance barriers.
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3.2.3. Determining contextual relationships

The contextual relationship between any two barriers (i and j) is ascertained using experts’ opinions.
The literature describes several methods of obtaining these opinions. These methods include individual
interviews, questionnaires, focus group sessions, and literature syntheses [51].

A main advantage of group discussions is the interaction among participants, leading to new ideas and
perspectives that might not surface in one-on-one interviews [51]. A significant weakness of group
discussions is that group dynamics can introduce biases, such as conformity or dominance by certain
individuals, which may distort the data. Strategic group biases and expectations influence the results,
especially if participants know the researcher’s objectives [51]. The reduced bias and dependence on
group dynamics is one of the key advantages of individual interviews [6]. On the other hand, individual
interviews introduce a loss of context and detail. Individual interviews may lack the richness of context
and detail that can emerge from group interactions. Important nuances and insights from group dynamics,
such as consensus-building and the expression of diverse perspectives, might be missed in individual
settings [6].

A combination of existing research and expert opinion was chosen for this research to reduce bias created
within group discussions. Additionally, the complexity of arranging a group discussion with relevant
experts and the limited time available during this master’s thesis made this combination the most realistic.

3.2.4. Structural self-interaction matrix (SSIM)
To determine the relationship between the variables, the parameters i and j have been associated with
four symbols, as follows [4]:

* V: variable i will influence variable j, but variable j is not influenced by variable 1.
+ A: variable j will influence variable i, but variable i is not influenced by variable j.
+ X: variables i and j will influence each other.

» 0: variables i and j are unrelated.

Amrina and Oktora (2020) considered the SSIM matrix and adhered to two guidelines [4]: For the
aggregated SSIM, the symbol (V, A, X, or O) with the highest frequency of occurrence was chosen first.
Second, precedence was assigned in the following order: V, A, X, and O if the frequency of a certain
relation was equal for two or more symbols.

3.2.5. Reachability matrix
By converting the data in each SSIM entry into 1s and Os in the reachability matrix, the SSIM format is
converted into the reachability matrix format. This leads to the following four situations [42]:

« If the (i, j) entry in the SSIM is a V, the (i, j) entry in the reachability matrix becomes 1, and the (j, i)
entry becomes 0.

« If the (i, j) entry in the SSIM is an A, the (i, j) entry in the reachability matrix becomes 0, and the (j, i)
entry becomes 1.

« If the (i, j) entry in the SSIM is an X, both the (i, j) entry and the (j, i) entry of the reachability matrix
becomes 1.

+ Ifthe (i, j) entry of the SSIM is 0, then both the (i, j) and (j, i) entries of the reachability matrix become
0.

3.2.6. Level partitions on the reachability matrix

After constructing the reachability matrix, the next step involves partitioning it into levels to understand
the hierarchy and interactions between elements. This level of partitioning helps identify the layers within
the structure by categorizing elements based on their reachability and dependability [70]. In ISM, each
element’s reachability and antecedent sets determine its level.

The reachability set and antecedent sets were obtained from the final reachability matrix. Variable i and
every other variable that variable i would affect made up the reachability set. The variables that influenced
variable i were included in the antecedent set, which also contained variable i. A differentiation between
several levels was formed based on the intersection of these reachability and antecedent sets. Each
variable’s reachability, antecedent, and intersection sets were determined before the levels were created.
After that, the top level is occupied by the variables for whom the antecedent and reachability sets were
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identical. The variables that have no variables "above” them that have an impact on them occupy the
top level. After removing these top-level variables from every other set of reachability, antecedent, and
intersection variables, the procedure was repeated until every variable was assigned a level.

Assume, for instance, that BR5 has an antecedent set (1, 2, 5, 7, 11), which indicates that barriers 1, 2, 7,
and 11 have an impact on BR5, and a reachability set (4, 5, 6, 12), which indicates that BR5 influences
obstacles 4, 6, and 12. It is now possible to establish that BR5 does not affect any new variables; rather,
it only affects those that it is influenced by.

The variables on the same level are arranged horizontally adjacent to one another in the diagram, and
arrows are added between them to indicate the direction of the relationship.

3.2.7. Fuzzy MICMAC analysis

Fuzzy MICMAC (Matrice d’'Impacts Croisés Multiplication Appliquée a un Classement) is an advanced
method used to classify barriers based on their driving and dependency powers, incorporating fuzziness
to manage the uncertainty inherent in expert judgments. This approach refines the analysis by converting
influence levels into a continuous scale, allowing a more nuanced understanding of relationships within
complex systems. The methodology involves several key steps, as outlined below.

Steps in fuzzy MICMAC
1. Normalization of influence (fuzzification): Influence levels between barriers, provided in a tally
matrix, are transformed into a fuzzy influence matrix. This process involves converting linguistic
terms to corresponding numerical values, as detailed in Table 3.1. If the influence score meets or
exceeds the set threshold of 60%, it is divided by the highest score in the matrix. Scores below the
threshold are zero, indicating minimal or no influence.

2. Multiplication of fuzzy influence matrix and calculating driving power and dependency: There
are three different compositions to ascertain the strength of the indirect relation from variable i to
variable j: max-min, max-product, and max-average [73]. Since the maximum of all potential minimal
influences from variable i to variable j indicates the minimal intensity of the indirect relationship
between the two, the max-min option was used for this study [34]. Following the procedures outlined
in Khan & Haleem (2012) [35], which were modified from Kandasamy et al. (2007) [34], the matrix
is multiplied using the max-min approach using the function that follows:

C = A, B = max k [(min (aix, bx;j))] , A = [aix] and B = [b;] (3.1)

According to Equation 3.1, the matrix is multiplied recursively, beginning with the Fuzzy Direct
Reachability Matrix (FDRM), until the driving and dependent powers stabilize. The sum of the
power of the variables influencing variable i, or the sum of all entries for row i, is the driving power
of variable i. The total of all the variables affected by variable i, or the sum of all the entries in
column i, yields the depending power [23]. The matrix is stable if, for every variable, the hierarchy
of driving power and dependent power stays constant across the many multiplication steps [59].
The numpy package was used in Python to carry out these computations.

3. Clustering of barriers: Based on the median values of fuzzy driving power and dependency,
barriers are classified into four key clusters:

+ Autonomous Variables: Barriers with low driving power and low dependency, generally
peripheral to the system.

* Dependent Variables: Barriers with low driving power but high dependency are heavily
influenced by others.

 Linkage Variables: Barriers with high driving power and high dependency, showing significant
reciprocal influence within the system.

* Independent Variables: Barriers with high driving power but low dependency, critical drivers
with minimal external influence.

The boundaries of these barriers are determined by taking the median driving power and dependency
power of the barriers.

4. Visualization of fuzzy MICMAC clusters: A 2D scatter plot is created to display the distribution of
barriers based on their fuzzy driving power and dependency. The plot is divided into four quadrants
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by the median values, separating barriers into four clusters. Each barrier is color-coded to represent
its classification.

Linguistic and numerical values for strength of relationships

In fuzzy MICMAC, linguistic terms represent the strength of relationships between barriers. Each term
corresponds to a numerical value on a normalized scale, allowing experts to express varying degrees
of influence, as shown in Table 3.1. The FDRM was produced by calculating each relation’s "strength”
value and superimposing it on the total BDRM. In earlier studies that used fuzzy MICMAC, these data
were aggregated in two ways: the strength with the highest frequency was used to estimate the strength
of the association [33, 63] or just one fuzzy matrix was offered, which was produced by consensus
among the experts by asking them for their input a second time following the development of the BDRM
[35, 42, 53] if any explanation was given at all [23, 16]. Time restrictions led to the decision to limit the
number of interactions with the experts and the fuzzy connection was selected as the initial approach to
assess strength. Furthermore, the ISM section already included the percentage of experts who stated a
relationship using a 60% criterion.

Table 3.1: Linguistic and numerical values for strength of relationships

Linguistic Term Description Numerical Value
No Influence Indicates no significant influence 0.0
Very Low Very minimal influence 0.1
Low Weak influence 0.3
Medium Moderate influence 0.5
High Strong influence 0.7
Very High Very strong influence 0.9
Full Influence Maximum possible influence 1.0

Relationship influence classification

Fuzzy MICMAC enables the classification of barriers based on driving and dependency power, helping to
identify key drivers and reactive barriers in complex systems. Table 3.2 summarizes the characteristics
of each relationship type.

Table 3.2: Relationship influence types in fuzzy MICMAC

Relationship Influence Description Driving Power Dependency
Type
Autonomous Minimal influence and mini- Low Low

mally influenced; peripheral

Dependent Heavily influenced by others, Low High
with limited influence itself

Linkage High influence both exerted High High
and received; reciprocal in-
teractions

Independent Strong influence on others, High Low
with minimal external influ-
ence

Advantages of fuzzy MICMAC

The fuzzy MICMAC method enhances traditional analysis of driving power and dependency by capturing
varying intensities of influence and accommodating uncertainties in expert judgments. Using linguistic
terms and corresponding numerical values, fuzzy MICMAC provides a detailed, flexible analysis of
relationships within complex systems. This method supports strategic decision-making by identifying key
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drivers within the system and clarifying influence dynamics visually and intuitively, making it invaluable
for prioritizing resources and interventions.

3.3. Results

The results section begins by presenting the variables and their contextual relationships identified using
ISM. The ISM process organizes these barriers into levels, illustrating their hierarchical influence and
the interdependencies among them. Next, the fuzzy MICMAC analysis is applied to categorize barriers
based on their driving and dependence power, providing a nuanced understanding of each barrier's
impact on PdM adoption. Through these analyses, this section identifies driving barriers that play a
critical role in shaping the freight rail's readiness for PdM implementation.

3.3.1. Variables

The selection of barriers listed in Table 3.3 emerged from an approach combining the literature research
of chapter 2 with expert input and validation. Reviewing existing studies and industry reports initially
provided a foundation for identifying common challenges in loT adoption and analytics-driven decision-
making. This research allowed the mapping of recurring barriers, such as data integration issues, model
interpretability challenges, and infrastructure complexity, ensuring the list encompassed well-documented
and relevant concerns.

Following this literature review, domain experts were approached to refine and validate the list. Through
conversations with these experts, insights into practical challenges were obtained that were not always
captured in existing research. For instance, it became evident that the absence of a robust, working
product product is another relevant barrier. This barrier can be brought back entirely on technological
challenges, so it was not included in the final barrier list.

Code Barrier

BR1 Scalability of IoT sensors

BR2 Data integration and standardization
BR3 Model interpretability

BR4 Real-time data processing

BR5 Organizational and cultural barriers
BR6 Regulatory compliance

BR7 Economic viability
BR8 Data availability

BR9 Business-technical alignment

BR10 Data ownership and privacy

BR11 Infrastructure complexity
BR12 Skilled workforce

Table 3.3: List of barriers used for the ISM analysis.

3.3.2. Determining contextual relationships and SSIM

The contextual relationships were determined by examining the direction of influence between each
pair of variables. Table 3.4 presents the aggregated SSIM barriers. As laid out in subsection 3.2.4, the
following rules were followed to construct the SSIM from the collected data:

+ V: variable i will influence variable j, but variable j is not influenced by variable 1.
+ A: variable j will influence variable i, but variable i is not influenced by variable j.
» X: variables i and j will influence each other.

» 0: variables i and j are unrelated.
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In table 3.4, only the relationship (V, A, X, or O) with the highest frequency is presented.

BR1 | BR2 | BR3 | BR4 | BR5 | BR6 | BR7 | BR8 | BR9 | BR10 | BR11 | BR12
BR1 - A A A A A X o} A o} A o]
BR2 - X o] X X Y A X X A Y
BR3 - A o} 0 Y X Y o} A A
BR4 - A X X o} A o} A o]
BR5 - X X X X o} o] A
BR6 - v V o] v o] v
BR7 - o} v e} o] A
BRS8 - A A A A
BR9 - o} 0 o]
BR10 - A o
BR11 - o]
BR12 -

Table 3.4: Aggregated SSID Matrix

BR1 | BR2 | BR3 | BR4 | BR5 | BR6 | BR7 | BR8 | BR9 | BR10 | BR11 | BR12
BR1 - 13 9 15 7 5 11 14 8 6 10 12
BR2 - 16 18 14 13 17 20 11 19 10 7
BR3 - 13 8 5 9 15 6 7 12 14
BR4 - 7 5 11 14 8 6 10 12
BR5 - 13 1 12 10 9 1 8
BR6 - 17 10 10 15 6 9
BR7 - 12 15 8 7 9
BR8 - 16 9 10 11
BR9 - 14 8 10
BR10 - 11 10
BR11 - 12
BR12 -

Table 3.5: Tally Matrix with the number of times an SSIM relation was identified.

3.3.3. Developing reachability matrix
The SSIM is transformed to the initial Binary Direct Reachability Matrix (BDRM) by substituting V, A, X,
and O by either 0 or 1, as described in subsection 3.2.5. Only the association with the highest frequency
for each pair of variables is shown in the previous section.

BR1

BR2

BR3

BR4

BRS

BR6

BR7

BRS8

BR9

BR10

BR11

BR12

22

30

27

35

19

18

18

26

15

23

20

20

Table 3.6: Number of times a barrier is mentioned in any contextual relationship.

The interviews for this study were conducted in an unstructured format. Due to time limitations, experts
were asked to describe the relationships between six specific barriers and other barriers based on their
area of expertise. A total of 47 experts contributed to the study. However, because certain fields were
disproportionately represented among the experts, some barriers received more input than others. The

frequency of expert input for each barrier is summarized in Table 3.6.

In this study, the choice was made for a threshold of 60%; i.e., if 60% of the experts say the relationship
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holds, the relationship is included in the aggregated matrix. Each barrier’s total number of experts is
presented in Table 3.6. Table 3.5 tracks how often a barrier relation is mentioned. Consequently, if for
BR1 (22/100x60 = 15.4), the number in the tally matrix has a value of 15 or higher and a value of 1 on
place (i, j) in their individual BDRM, a value of 1 is assumed on place (i, j) in the aggregated BDRM. If the
corresponding value on the tally matrix is lower than the threshold and there is a value of 1 at place (i, j),
the aggregated BDRM has a value of 0 at place (i, j).

BR1 BR2 BR3 BR4 BR5 BR6 BR7 BRS8 BR9 BR10 BR11 BR12
BR1 0 0 0 0 0 0 0 0 0 0 0 0
BR2 0 0 0 0 0 0 1 0 0 1 0 0
BR3 0 0 0 0 0 0 0 0 0 0 0 0
BR4 1 0 0 0 0 0 0 0 0 0 0 0
BR5 0 1 0 0 0 1 0 1 0 0 0 0
BR6 0 1 0 0 1 0 1 0 0 1 0 0
BR7 1 0 0 1 1 0 0 0 1 0 0 0
BRS8 0 1 0 0 0 0 0 0 0 0 0 0
BR9 0 1 0 0 1 0 0 1 0 0 0 0
BR10 0 1 0 0 0 0 0 0 0 0 0 0
BR11 0 0 1 0 0 0 0 0 0 0 0 0
BR12 0 0 1 0 0 0 0 0 0 0 0 0

Table 3.7: The final binary direct reachability matrix using thresholds.

3.3.4. Level partition

The intersection of the antecedent set (= set of other variables that reach that specific variable) and the
reachability set (= set of different variables that that variable reaches) determines the level that a given
variable occupies. These sets are represented in Table 3.8 for the barriers. The variable in question
won’t reach any "new” variables if the intersection set equals the reachability set. Table 3.8 shows that
BR1 has reachability set (1), which indicates that it does not affect other barriers, and antecedent set (1,
4, 7), which suggests that BR1 is influenced by barriers 1, 4, and 7. BR1 is, therefore, categorized as
level 1 and does not reach any additional variables. The same principle applies to BR2, BR3, BR10, and
BR12. As a result, we eliminate BR1, BR2, BR3, BR10, and BR12 from every set and begin the process
over. With level 1 eliminated, the reachability set equals the intersection of the reachability set and the
antecedent set in the second iteration for BR4, BR8, and BR11. As a result, these are assigned to level
2 and do not reach any additional variables in the system without them. Until the last variable, in this
case, BRG6 is assigned, the process is repeated.
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3.3. Results
Variable Reachability Set Antecedent Set Intersection Set Level
BR1 {1} {1,4,7} {1} 1
BR2 {2, 10} {2,5,6,8,9, 10} {2, 10} 1
BR3 {3} {3, 11} {3} 1
BR4 {1, 4} {4, 7} {4} 2
BR5 {2,5,6, 8} {5,6,7,9} {5, 6} 3
BR6 {2,5,6,7, 10} {5, 6} {5, 6} 5
BR7 {1,4,5,7, 9} {6, 7} {7} 4
BRS8 {2, 8} {5, 8, 9} {8} 2
BR9 {2,5, 8,9} {7, 9} {9} 3
BR10 {2, 10} {2, 6,10} {2, 10} 1
BR11 {3, 11} {11} {11} 2
BR12 {3, 12} {12} {12} 1

3.3.5. Visualization

Table 3.8: Summary of level partitions of barriers.

The variables are arranged using the level partition from the previous phase to get the final graph. Arrows
are positioned per their directional relationship based on the binary direct relations after the variables
have been structured hierarchically (table 3.7). Figure 3.2 displays the results for the barriers.
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Figure 3.2: Final directed graph barriers.
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3.3.6. Fuzzy MICMAC

The fuzzy direct reachability matrix was calculated by overlaying the numerical representation of strength,
presented in Table 3.1, onto the BDRM presented in Table 3.7. The relationship with the highest frequency
is then used to generate the aggregated multiplied fuzzy direct reachability matrix. Therefore, it was
calculated by taking the strength factor of each particular fuzzy direct reachability matrix recognized by
the greatest number of experts presented in Table 3.6. Table 3.9 displays the multiplied fuzzy matrix
aggregate. As discussed in Kamble et al. (2018) [33] and Khatwani et al. (2015) [36], the diagonal is set
to 1.

Table 3.9: Aggregated multiplied fuzzy direct reachability matrix barriers with driving power and dependency.

BR1 BR2 BR3 BR4 BR5 BR6 BR7 BR8 BR9 BR10 BR11 BR12 Driving Power
BR1 1.00 0.00 0.00 0.75 0.00 0.00 0.00 0.70 0.00 0.00 0.00 0.00 2.45
BR2 0.00 1.00 0.00 0.90 0.00 0.00 0.00 1.00 0.00 0.95 0.00 0.00 3.85
BR3 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
BR4 0.00 0.00 0.00 1.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00
BR5 0.00 0.70 0.00 0.00 1.00 0.65 0.00 0.60 0.00 0.00 0.00 0.00 2.95
BR6 0.00 0.65 0.00 0.00 0.65 1.00 0.85 0.00 0.00 0.75 0.00 0.00 3.90
BR7 0.55 0.00 0.00 0.55 0.55 0.85 1.00 0.60 0.75 0.00 0.00 0.00 4.85
BR8 0.00 1.00 0.00 0.00 0.00 0.00 0.00 1.00 0.80 0.00 0.00 0.00 2.80
BR9 0.00 0.55 0.00 0.00 0.50 0.75 0.75 0.80 1.00 0.70 0.00 0.50 5.55
BR10 0.00 0.95 0.00 0.00 0.00 0.00 0.00 0.00 0.70 1.00 0.00 0.00 2.65
BR11 0.00 0.00 0.60 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 0.60 2.20
BR12 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 1.00 1.00
Dependency 1.55 4.85 1.60 3.20 2.70 3.25 2.60 4.70 3.25 3.40 1.00 2.10

Cluster classification
The factors are grouped into four clusters according to their driver-dependence power after generating
the fuzzy MICMAC stabilized matrix.

The outcomes for the barriers were:

* The autonomous cluster, or the driving forces and factors with little reliance. Variables BR1, BR3,
BR11, and BR12 are prevalent in this cluster. As a result, other variables do not significantly impact
these barriers and do not generally have much capacity to affect other variables.

* The dependent cluster, which consists of variables with great dependence power but poor driving.
BR4 and BR10 are the variables that make up this cluster. As a result, these barriers have a shallow
ability to influence other factors within the system; other variables have a relatively high capacity to
influence them.

» The linkage cluster, which contains variables with a high degree of reliance and driving force. A
network of interdependencies is created by the components in this cluster, which both influence and
are influenced by several other variables in the system. This cluster contains the variables BR2,
BR6, BR8, and BR9. Since modifications to these variables have the potential to have repercussions
across the entire network of barriers, they are essential to the system. These factors are crucial for
system stability and control because of their significant driving force and reciprocal dependence,
which means that changes in one could drastically change the behavior of other clusters. Variables
in the Linkage Cluster indicate areas that require close observation and management to preserve
system equilibrium.

* The independent cluster, which consists of variables with solid driving and weak dependent power.
Variables BR5 and BRY fill this cluster. These factors have a powerful ability to impact others, but
they are the ones least affected by them. The system’s strongest motivator is BR7, representing
the economic viability of predictive maintenance technology.
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Fuzzy MICMAC Analysis: Driving Power vs Dependency (Clustered Barriers)
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Figure 3.3: Driving and dependence power of the barriers

3.4. Discussion

In this section, the key findings from the analyses in Chapter 3 are discussed, aiming to identify and
categorize the barriers to implementing PdM technology in the cargo rail industry based on their driving
power and dependency. These findings are discussed in the context of answering subquestion 3:

"What are the driving entrance barriers to implementing predictive maintenance technology on trains for
freight rail operators?”

A combination of ISM and fuzzy MICMAC analyses classified the entrance barriers into several categories
based on their driving and dependence power, providing a structured view of the obstacles that inhibit
PdM adoption in railways. The driving barriers identified include economic viability, regulatory compliance,
and business-technical alignment, each with substantial implications for the PdM adoption process.

Economic viability

The analysis underscored economic viability as a high-driving power and independent barrier. This barrier
reflects the substantial initial investments required for PdM technology, particularly in sensor installation,
data integration, and workforce training. The economic feasibility of PdAM hinges on demonstrating long-
term cost savings, such as reduced downtime and optimized maintenance schedules, which can justify
the upfront costs. The freight rail sector must, therefore, quantify these benefits to build a compelling
business case for PdAM. Such an approach is essential to gain stakeholder commitment and overcome
financial resistance, a critical barrier to PdM adoption.

Regulatory compliance

Regulatory compliance emerged as another significant barrier, reflecting the railway sector’s stringent
safety and operational standards. The lack of standardized legal frameworks and safety certification
processes for predictive technologies complicates PdM’s deployment at scale. This regulatory uncertainty
discourages investment in PdM, as operators may face delays or financial risks associated with non-
compliance. Addressing this barrier requires collaborative efforts between industry stakeholders and
regulatory bodies to establish consistent standards that facilitate PdM’s safe and effective implementation.

Business-technical alignment

The findings highlight the importance of aligning PdM technology with the broader business objectives of
railway operators, a barrier with both high dependence and driving power. Effective PdM implementation
requires integration with existing maintenance workflows, cross-departmental collaboration, and a clear
understanding among stakeholders of PdM’s value in enhancing operational efficiency and safety. Without
such alignment, PdM may be perceived as a costly technical add-on rather than a strategic asset, limiting
its acceptance and impact. This barrier’'s significance emphasizes the need for a holistic implementation
strategy that includes technical, managerial, and cultural considerations.
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Distinction fundamental and non-fundamental barriers

This chapter aims to identify the driving barriers to implementing PdM technology on freight trains. These
barriers are of particular interest because they drive or influence other obstacles. To fully understand the
challenges to adoption, it is essential to differentiate between fundamental and non-fundamental barriers.

Fundamental barriers are those that make the implementation of PdM technology entirely unfeasible. In
contrast, non-fundamental barriers do not directly prevent the technology from being introduced. Looking
at these identified driving barriers, economic viability and regulatory compliance are fundamental barriers
because PdM technology cannot reach the market without them. Other relevant fundamental barriers in
this study include real-time data processing and a skilled workforce, data availability, data integration
and standardization, and data ownership and privacy are identified as potential fundamental barriers.
These are critical to the functionality and feasibility of PdM systems because unresolved challenges in
these areas could entirely prevent their operation or deployment.

On the other hand, barriers such as business-technical alignment, scalability of loT sensors, model
interpretability, organizational and cultural barriers, and infrastructure complexity are considered non-
fundamental barriers. These barriers, while impactful, do not make the implementation infeasible but
instead influence its optimization and adoption.

The goal should be strategically addressing these driving barriers to resolve the fundamental challenges
first, paving the way for successful implementation while also minimizing the impact of non-fundamental
barriers to enhance effectiveness and efficiency.

Implications for PAM implementation

These barriers collectively highlight that successful PAM adoption in the railway sector requires more
than just technological advancement. A multi-faceted approach addressing economic, regulatory, and
organizational challenges is critical. The railway industry can create a favorable environment for PdM’s
sustainable deployment by prioritizing a straightforward economic analysis and advocating for regulatory
support. Additionally, fostering alignment between technical innovations and strategic business goals
will ensure that PdM technology is integrated as a core component of railway operations rather than an
isolated initiative.

Future research should focus on developing frameworks to quantify PdM’s financial and operational
benefits, establishing industry-wide standards, and exploring ways to foster organizational acceptance.
Collaborative efforts between technology providers, operators, and regulators will be essential to overcome
these barriers and achieve PdM’s full potential in the railway industry.

3.5. Conclusion

This chapter presents a comprehensive analysis of the barriers to implementing PdM in the railway
sector, utilizing ISM and fuzzy MICMAC to unravel their interdependencies. The analysis highlights the
interconnected nature of these barriers, emphasizing their roles in shaping the feasibility and success of
PdM deployment.

Economic viability stands out as a central challenge, as the significant upfront investments in technology,
infrastructure, and workforce require a compelling financial case to secure stakeholder commitment.
Demonstrating tangible benefits, such as reduced maintenance costs and minimized downtime, is crucial
for justifying these expenditures and overcoming resistance.

Regulatory compliance further complicates the adoption process due to the railway industry’s stringent
safety standards and the lack of clear certification protocols for predictive technologies. This regulatory
ambiguity creates uncertainty and risks for operators, underscoring the need for collaborative efforts
between industry players and regulatory bodies to establish consistent and supportive frameworks.

The integration of PdM into existing business and technical systems is another critical barrier. Misalign-
ment between predictive technologies and organizational objectives can hinder acceptance, reducing
PdM’s impact on operational efficiency and safety. Effective implementation requires a holistic approach
that bridges technical innovation with strategic business goals, ensuring cross-departmental collaboration
and shared understanding of PdM’s value.

Addressing these barriers requires a multifaceted strategy that prioritizes fundamental challenges while
fostering organizational readiness. Economic and regulatory issues must be resolved to create a viable
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foundation for implementation, enabling the railway sector to realize PdM'’s potential for transforming main-
tenance practices. By fostering alignment across technical, regulatory, and organizational dimensions,
stakeholders can pave the way for sustainable and impactful adoption of PdM technologies.



Cost-benefit analysis

The introduction of this chapter focuses on assessing the economic viability of PdM implementation
within the railway industry. Building on insights from previous chapters, it emphasizes the critical role
of economic factors as key determinants for the adoption and long-term success of PdM. The analysis
highlights that understanding and demonstrating PdM’s financial benefits, such as cost reduction and
improved reliability, are crucial for gaining stakeholder buy-in. Additionally, the introduction notes that
the inherent uncertainties in data, including variable costs and equipment life spans, require careful
consideration. A Monte Carlo simulation approach is introduced to account for these uncertainties,
making the cost-benefit analysis more robust and adaptable to real-world variability.

4.1. Introduction

Building on the findings from chapter 3, it is clear that the barrier of economic viability stands as a
significant independent variable that shapes the feasibility and success of predictive maintenance
implementation in the railway sector. In this context, economic viability dictates the pace of technological
adoption and indicates long-term sustainability and profitability for railway operators. Understanding this
viability, therefore, is essential for informed decision-making and the effective deployment of predictive
maintenance technologies.

Given the restricted timeframe of this study, it is essential to acknowledge the uncertainties inherent in the
data gathered. Variability in costs, equipment longevity, and external factors such as market conditions
introduce a degree of unpredictability that could impact financial outcomes. To manage these uncer-
tainties, this analysis employs Monte Carlo simulations, which offer a probabilistic approach to estimate
outcomes across a range of potential scenarios. The analysis becomes more robust by incorporating
uncertainty intervals, allowing stakeholders to anticipate and plan for variability in implementation costs
and benefits.

This cost-benefit analysis focuses explicitly on Deutsche Bahn Cargo as a case study. As a public entity,
Deutsche Bahn provides ample data for analysis, and its large-scale operations make it an ideal example
for understanding predictive maintenance in freight rail. The study further narrows its focus to wheel
monitoring, with sensors positioned on bogies to capture critical performance data. Monitoring wheels is
integral to maintaining safety and efficiency in freight operations.

By assessing the cost implications and potential gains from predictive maintenance, this chapter provides
a practical framework to support railway operators, policymakers, and stakeholders in making data-
informed decisions.

4.2. Methodology

This section focuses on the cost-benefit analysis framework used to evaluate PdM for cargo rail wheel
maintenance compared to traditional maintenance. It includes an in-depth examination of various cost
components, such as implementation, operational, and maintenance costs, alongside revenue benefits
from PdM improvements. The analysis incorporates Monte Carlo simulations to address uncertainty
in cost estimations, which provides probabilistic insights into potential financial outcomes. Additionally,

32
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inflation correction is applied over the 20-year analysis period to reflect future costs accurately.

4.2.1. Cost-benefit analysis

This cost-benefit analysis evaluates the financial impact of implementing PdM technology for cargo rail
wheel maintenance compared to traditional maintenance (TM). The study incorporates wheel maintenance
and replacement costs, operational downtime, increased revenue from reduced downtime, sensor and
cybersecurity expenses, and improved safety and energy efficiency benefits. Monte Carlo simulations
account for uncertainty, and inflation adjustments are applied over a 20-year period.

Predictive maintenance vs. traditional maintenance

Costs for the PdM scenario are compared to traditional maintenance costs, which are also simulated
using Monte Carlo methods. Traditional maintenance involves higher material loss, frequent maintenance
events, and operational disruption costs. By contrast, the PdM scenario benefits from reduced material
loss and less frequent maintenance but incurs additional costs from implementing and maintaining the
predictive sensors.

4.2.2. Cost components

The analysis considers several cost components, as Figure 4.1 illustrates. This diagram highlights
the implementation costs associated with PdM technology in gray, covering aspects like education for
maintenance crews and installation expenses. The yearly costs and benefits—depicted in beige—in-
clude significant factors such as wheel lifecycle costs, downtime impacts, sensor upkeep, and potential
efficiency improvements. Furthermore, individual cost or benefit components linked to these categories
are detailed in taupe, specifying elements like corrective maintenance, energy efficiency gains, cyberse-
curity expenses, and accident risks. The following section will delve into the primary cost and benefit
components, explaining how they are integrated into the cost-benefit analysis model.
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Figure 4.1: Overview of the cost and benefit components for PdM in wheel maintenance.
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Wheel lifecycle costs

The lifecycle costs of a wheel can be categorized into two main components: wheel treatment costs and
wheel replacement costs. Both play a significant role in determining the overall cost of maintaining a rail
fleet and are highly dependent on whether PdM or conventional maintenance (no-PdM) is used. The
following sections explain these costs in detail.

Wheel treatment costs
Wheel treatment costs encompass the regular maintenance actions required to keep the wheels in optimal
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condition. These actions are split into three main components: pre-inspection, corrective maintenance,
and scheduled maintenance.

Pre-inspection
Pre-inspection is the first step in conventional wheel maintenance. It involves manually inspecting the
wheelset during scheduled maintenance to determine whether further treatment is necessary. With PdM,

this component is entirely automated by sensors, removing the need for manual pre-inspections. The
yearly pre-inspection costs are calculated as follows:

Cpipam = 0, Cpino-pam = Cpi X AT\ X Nirains

Where Cy,; represents the pre-inspection cost, ATy is the maintenance interval, and ny.ins is the number
of trains.

Corrective maintenance

Corrective maintenance refers to unscheduled repairs after a field inspection reveals a fault. PdM systems
reduce the likelihood of such events by detecting potential issues early. The probability of requiring
corrective maintenance differs between PdM and no-PdM systems, and the associated yearly costs are
as follows:

Ccm,PdM = P pam X Cem X Nrains, Cemno-PdM = Pg, no-pdm X Cem X Nirains
Here, P; pam and Pe no-pam are the probabilities of corrective maintenance with and without PdM, respec-
tively. C.m is the corrective maintenance cost per event.

Scheduled maintenance

Scheduled maintenance is the periodic servicing of the wheelset based on pre-inspection results or
PdM recommendations. With PdM, maintenance is performed as determined by the sensors, meaning it
cannot be postponed. In contrast, conventional maintenance may result in fewer interventions, as not
every pre-inspection results in immediate action. The costs for scheduled maintenance are composed of
labor and wheelset treatment, as shown in the following equations:

Cwm,pdm = (me, labor PdM + C’p,wheel) X Prmaintenance, PdM X (1 - A7]maintenance) x ATM X Nyheels X Nwagon

Cwm,no-PdM = (me, labor no-PdM + C’p,wheel) X Praintenance, no-PdM X AT\ X Nwheels X Nwagon

Where:

* Cwm, 1abor pdm @nd Cum. 1abor no-pam are the labor costs for wheel treatment with and without PdM,
respectively,

* Cpwheel IS the price of wheel placement,

* Praintenance, PdM @Nd Praintenance, no-Pam are the probabilities of requiring scheduled maintenance with
and without PdM,

* A7maintenance 1S the improvement in maintenance efficiency with PdM.

The total yearly treatment costs for PdAM and no-PdM are calculated as:

T Cyreatment, PdM = (Cpi,pdM + Cempam + Cwm, Pam)

TCtreatment, no-PdM — (Cpi,no—PdM + C’cm,no—PdM + C’Wm, no—PdM)

Wheel replacement costs
Wheel replacement occurs after the wheels reach a certain mileage, which varies depending on the
maintenance strategy employed. With PdM, wheel defects are generally detected earlier and are
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less severe, leading to a longer lifespan than conventional maintenance strategies. The yearly wheel
replacement costs are calculated as follows:

dyear
Lno-pdm

d ear

Lpgm

Rcwheels, PdM = X Nwheels X Cwr, RtheeIs, no-PdM = X Nwheels X Cwr

Where:
* dyear is the yearly mileage of the fleet,
* Lpgm is the lifespan of the wheels under predictive maintenance (PdM),
* Lno-pgm is the lifespan of the wheels under conventional maintenance (no PdM),
* nwheels IS the total number of wheels in the fleet.
» Cyr is the price to for replacing a wheel.

Downtime events

Wheel flats account for 31.8% of total downtime in European railways [25], causing major operational
disruptions. Maintenance activities like re-profiling are crucial to avoid further damage to both rolling
stock and infrastructure [2]. PdM aims to reduce the frequency and severity of downtime by detecting
wheel defects early, leading to quicker and less costly repairs.

Downtime costs include storage fees for out-of-service trains and personnel costs as maintenance teams
remain on standby. During downtime, trains are unable to transport cargo, leading to direct revenue loss.
By reducing and shortening downtime events, PdM enables trains to stay operational longer, generating
more revenue.

The probability of downtime with PdAM can be modeled as:

Piowntime, PdM = Pdowntime, no-Pam X (1 — Anpam)

The downtime costs for both scenarios, with and without PdM, are:

Cdowntime, PdM = Pdowntime, PdM X Ntrains X Cdowntime_event X (Tdowntime - Tdowntime_saved)

C’downtime, no-PdM = Pdowntime, no-PdM X Trains X Odowntime_event X Towntime

Where:

* Pgowntime, pam @nd Pyowntime, no-pam are the probabilities of downtime with and without PdM,
* Anpgwm is the efficiency gain from PdM,
* Nyains IS the number of trains,
* Cdowntime_event IS the cost per hour of downtime,
* Tyowntime iS the downtime duration,
* Tyowntime_saved IS the downtime saved with PdM.
False positives in predictive maintenance

Predictive maintenance can also result in false positives, where defects are wrongly identified, causing
unnecessary maintenance and downtime costs. These are calculated as:

C(false_positive_maintenance = Praise_positive X FPdMm, corrective X Cem X Nrains

C’faIse_positive_downtime = Phaise_positive X Cdowntime_event X Tdowntime X TMtrains

Where:
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* Prise_positive 1S the false positive rate,

* Ppdm, corrective 1S the probability of corrective maintenance under PdM,
* Ceorrective_maintenance 1S the cost of corrective maintenance,

* Cdowntime_event iS the downtime cost per hour,

* Tgowntime is the downtime duration,

* Nyains IS the number of trains.

The total cost for both scenarios, including false positives, is:

CPdM,faIsepositive = C’faIse_positive_maintenance + Cfalse_positive_downtime

Cno-PdM,faIsepositive =0

Revenue increase from reduced downtime
The increase in revenue due to reduced downtime through PdM can be calculated by first determining
the total downtime hours saved:

Hdowntime, saved — (Pdowntime, no-PdM _Pdowntime, PdM) ><Tdowntime +Tdowntime_saved X Pdowntime, PdM _Tdowntime*Pfalse_positive

Where:

* Pyowntime, Pam 1S the annual downtime probability with predictive maintenance,

* Pyowntime, no-pam IS the annual downtime probability without predictive maintenance,
* Tyowntime iS the total downtime duration per event,

* Thowntime_saved iS the downtime saved per event under PdM,

* Prise_positive 1S the false positive rate of the PdM sensors.

Next, the additional cargo that can be transported due to the saved downtime is computed as:

Cadditional_cargo = Hdowntime, saved X Ccargo_capacity X Ntrains

Finally, the additional revenue generated from transporting this extra cargo is:

Radditional, PdM = Cadditional_cargo X Rrevenue_per_ton

Where:

* Ceargo_capacity i the cargo capacity transported per hour per train,
* Rrevenue_per ton IS the revenue generated per ton of cargo transported,
* Niains IS the number of trains in the fleet.

Operational costs

In this section, the operational costs associated with cybersecurity and sensor maintenance, as well as
two critical components of maintaining the integrity and functionality of predictive maintenance systems,
are detailed. Each cost component is divided into its constituent parts, and formulas for calculating total
expenses are provided.

Cybersecurity costs
Maintaining cybersecurity for predictive maintenance systems is essential to protect data and systems.
Cybersecurity costs can be divided into two main categories: personnel costs for cybersecurity-specific
maintenance and the costs of maintaining cybersecurity systems. The total cybersecurity costs are
calculated as follows:
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Ccyber = Cmaintenance, personnel, cyber + Ccybersecurity, maintenance

Where:

* Ceyper is the total cybersecurity cost,
* Cmaintenance, personnel, cyber IS the cost of personnel dedicated to maintaining cybersecurity,

* Ceybersecurity, maintenance 1S the cost associated with maintaining the cybersecurity systems themselves
(e.g., software updates and infrastructure maintenance).

This ensures that both human and system resources are accounted for in protecting the predictive
maintenance framework from potential cyber threats.

Sensor maintenance costs

Another significant operational cost comes from maintaining the sensor infrastructure. These sensors
are critical for the functioning of the predictive maintenance system as they collect the necessary data.
The cost of sensor maintenance is broken down into service costs and backend maintenance costs.

The total service cost for the sensors is calculated based on the number of wagons and wheels, the
service interval, and the cost per service:

C _ Cher_service X Twagon X Nwheels 4
service — /
Sinterval

Where:

* Csenvice is the total service cost for maintaining the sensors,
* Cher _senvice iS the cost of servicing each sensor,
* Nwagon 1S the number of wagons in the trainset,

* nwheels IS the number of wheels in each wagon (with one sensor assumed per bogie, i.e., 4 wheels
per bogie),

* Sinterval IS the service interval, indicating the frequency of sensor servicing (per year).

In addition to the sensor service costs, backend maintenance costs include system maintenance and
data analysis. These costs are calculated as follows:

Canal
yst
C’backend = C’backend_maintenance + 5000 X Nwagon X nwheels/4

Where:

* Chackend IS the total backend maintenance cost,

* Chackend_maintenance 1S the cost associated with maintaining the backend systems (e.g., data servers,
software infrastructure),

* Canalyst 1S the cost of hiring analysts to process and interpret sensor data, with an assumption of 1
analyst per 5000 sensors.

Finally, the total maintenance cost for the sensors is the sum of the service and backend costs:

Cmaintenance = C’service + Cbackend

By accounting for both the direct service costs and the backend infrastructure, this formula ensures a
comprehensive understanding of the total operational costs for sensor maintenance.



4.2. Methodology 38

Improved efficiency

In this section, we discuss the potential improvements in operational efficiency due to predictive main-
tenance (PdM), focusing on accident risk reduction and energy efficiency improvement. Each area is
analyzed with respect to its cost impact, both in the scenario where PdM is implemented and when it is
not.

Accident risk reduction

One key area of improvement with PdM is the reduction in accident risk. Predictive maintenance helps
identify potential failures before they lead to accidents, thus lowering the probability of accidents. The
expected annual costs of accidents are calculated for both scenarios: with and without PdM.

Without PdM, the expected annual cost of accidents is given by:

C(a, no-PdM = Paccident, no-PdM X C(per_accident X Ntrains

With PdM, the expected annual cost of accidents is reduced:

Ca, PdM = Paccident, PdM X C(per_accident X Ntrains

Where:

* Ca, no-Pam is the expected annual cost of accidents without predictive maintenance,

* Ca pqm is the expected annual cost of accidents with predictive maintenance,

* Paccident, no-Pam iS the annual accident probability when no predictive maintenance is performed,
* Paccident, Pdm S the annual accident probability when predictive maintenance is performed,

* Cher_accident is the cost incurred per accident (including damage to rolling stock, infrastructure, and
potential legal and medical expenses),

* nyains IS the number of trains in the fleet.

By comparing these two values, the cost savings from reducing accident risks due to PdM can be
calculated, providing a clear financial justification for implementing PdM.

Energy efficiency improvement

Predictive maintenance can also improve energy efficiency by optimizing train operations and reducing
energy wastage due to mechanical faults or inefficiencies in the system. The total energy costs, which
include electricity and other energy sources, are calculated as follows:

Cenergy = Econsumption, electricity X Mwagon + Econsumption, other X Mwagon

Where:
* Cenergy is the total energy cost for operating the fleet,
* Econsumption, electricity 1S the energy consumption cost from electricity per wagon,
* Econsumption, other 1S the energy consumption cost from other sources (e.g., fuel) per wagon,
* Nwagon IS the number of wagons in the fleet.

Predictive maintenance leads to more efficient train operations, which reduces energy consumption. The
savings from reduced energy consumption due to PdM are calculated as follows:

CE, reduced = Cenergy X Ang

Where:

* CE. reduced IS the reduced energy cost per train due to improved efficiency,

» Ang is the percentage of efficiency improvement in energy consumption from implementing predic-
tive maintenance.
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By implementing PdM, the fleet can operate with lower energy costs, contributing to overall savings and
a reduced environmental impact.

Customer satisfaction The reduced downtime and increased safety due to PdM technology directly
leads to higher customer service, directly impacting revenue. The following formula calculates the
additional revenue generated from enhancing service standards. It assumes that the improvement in
customer service leads to a proportional increase in revenue based on the baseline:

Ragditional = Rbaseline < CSI

where:

* Raqditional IS the additional revenue from service improvement,
* Rpaseline 1S the baseline revenue per wagon per year,
» CSl is the customer service improvement.

Implementation costs

Implementing predictive maintenance systems incurs crew education and sensor installation costs.
These costs are not one-time expenditures; sensors must be replaced every few years, and crews must
continually update their knowledge to keep pace with technological advancements. Therefore, these
costs recur periodically over the lifetime of the system.

Crew costs

To ensure the effective implementation and operation of the predictive maintenance system, the crews
must be properly trained. This training cost depends on the number of crews involved and the number of
wagons in the fleet. The total crew cost is calculated as follows:

Cerew = Ceducation X Mcrews X Nwagon

Where:

* Cerew is the total cost of educating the crew,

* Ceducation 1S the cost of education per crew member,

* nerews 1S the number of crews involved in the system’s implementation,
* Nwagon IS the number of wagons in the fleet.

Since crew knowledge must stay current with the latest technology and practices, these education costs
will recur every few years to ensure the teams remain up to date.

Sensor installation costs

The sensor installation cost accounts for both the physical sensors and the labor required to install them.
Each wagon in the fleet is equipped with sensors, typically one per bogie (four wheels per bogie). The
total sensor installation cost is calculated as follows:

Cinstallation = (Csensor, installation + C’sensor) X Twagon X nwheels/4

Where:

* Cinstallation 1S the total cost of installing the sensors,
* Csensor, installation 1S the installation cost per sensor,
* Csensor IS the cost of each sensor,

* Nwagon IS the number of wagons in the fleet,

* nwheels IS the number of wheels per wagon (with one sensor assumed per bogie, i.e., four wheels
per bogie).
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Since sensors must be replaced every few years due to wear or technological advancements, this cost
also recurs periodically.

Total implementation costs
The total implementation cost is the sum of the crew education and sensor installation costs:

Cimplementation = Ccrew + Cinstallation

This formula provides a comprehensive view of the initial and recurring costs of implementing and
maintaining a predictive maintenance system. It ensures that both the human and hardware elements of
the system are accounted for and highlights the need for periodic reinvestment in sensor replacement
and crew training to ensure long-term efficiency. The variable list can be found in Appendix E.

4.2.3. Inflation correction

The model accounts for the impact of inflation over time. A 3% annual inflation rate is assumed, and
costs are adjusted accordingly for the 20-year analysis period. The inflation correction is applied to both
recurring and one-time costs. Recurring costs, such as sensor replacements, are adjusted regularly,
reflecting their projected future costs.

4.2.4. Monte Carlo simulation

Monte Carlo simulation is a statistical technique that uses random sampling and probabilistic modeling to
understand the behavior of systems influenced by uncertainty. In this cost-benefit analysis, Monte Carlo
simulation is essential for capturing the inherent variability in the inputs (such as maintenance costs,
downtime, and energy efficiency improvements) and for generating a range of possible outcomes rather
than a single deterministic result.

Fundamentals of Monte Carlo simulation

Monte Carlo simulations rely on repeated random sampling from probability distributions of uncertain
variables. By simulating many possible outcomes, the method quantifies the range of possible results
and the probability of different outcomes.

The key steps in a Monte Carlo simulation are:

» Define the input variables and their distributions: Each uncertain variable (e.g., cost per
maintenance event, downtime duration, sensor replacement costs) is modeled using an appropriate
probability distribution, such as normal, uniform, or triangular.

+ Random sampling: For each simulation, random samples are drawn from the defined probability
distributions. Each sample represents one possible realization of the variable.

* Repetition of simulations: This process is repeated for a large number of iterations (40,000 in
this analysis), and in each iteration, a set of input samples is used to calculate the outputs, such as
total costs, net benefits, or savings.

» Analysis of results: The simulated results are aggregated to estimate the output variables’ mean,
variance, and confidence intervals. This gives a probabilistic view of the expected outcomes and
helps understand the risks and uncertainties involved.

Relevance of Monte Carlo Simulation
Monte Carlo simulations are used in this cost-benefit analysis for two main reasons:

» Uncertainty Management: Since many input variables (e.g., maintenance costs, downtime costs,
and accident risk reduction) are uncertain, Monte Carlo simulation helps capture this uncertainty. It
provides a more robust analysis compared to a single deterministic scenario [22].

» Decision-Making Support: By simulating multiple possible future outcomes, the simulation offers
insights into the probability of different cost and benefit scenarios. This helps decision-makers
understand the likelihood of achieving a positive net benefit from predictive maintenance and assess
the associated financial risks [22, 43].
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Figure 4.2: Probability distribution of net benefits with a 95% confidence interval.

Monte Carlo Simulation Implementation

A Monte Carlo simulation was conducted to account for uncertainty in the variables affecting the costs
and benefits of PdM versus TM. This method incorporated randomness to simulate a wide range of
scenarios, providing robust estimates of the expected outcomes under varying conditions [43, 55, 22].

The simulation framework incorporates a diverse set of variables to capture the complexity of the decision-
making process [58]:

Decision variables represent the strategic choices to be evaluated within the simulation. These include
whether to adopt PdM or continue with TM and the frequency of scheduled maintenance interventions.
These variables reflect the potential levers that stakeholders can adjust to optimize costs and benefits.

State variables describe the current and evolving conditions of the system being analyzed. Key state
variables include the lifespan of wheelsets under both PdM and TM, the current probability of downtime
events disrupting operations for TM, and the likelihood of accidents occurring for TM. These variables
dynamically influence the performance of maintenance strategies and serve as inputs to other parts of
the model.

Objective variables define the outcomes that the simulation seeks to measure and optimize. In the case
of this study, these are the total maintenance costs. This variable provides the key criteria for evaluating
the financial success of PdM compared to TM.

Stochastic variables capture uncertainties inherent in the system. Examples include the cost variability
of maintenance events (e.g., corrective and replacement costs), the duration and costs associated with
downtime events, and the probability of false positives in PdM systems. Stochastic variables are modeled
using probabilistic distributions, such as normal distributions, to reflect their variability and provide a
realistic basis for the simulation. A summary of the state and stochastic variables used in this model can
be found in Appendix E.

The simulation is conducted over 40,000 iterations to ensure a comprehensive exploration of possible
outcomes. Confidence intervals for the cost differences are constructed to illustrate the range of likely
outcomes, capturing the variability inherent in the stochastic variables. The cost intervals follow a normal
distribution as illustrated in Figure 4.2.

The results of the Monte Carlo simulation highlight several critical aspects of the PdM implementation.
The analysis provides an estimate of the likelihood of PdM achieving cost savings over TM, along with
evaluating the risks associated with different cost components. This probabilistic approach provides a
robust framework for decision-making, enabling stakeholders to evaluate the trade-offs between PdM
and TM under uncertainty.
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4.2.5. Financial bandwidth for predictive maintenance development

In this cost-benefit model, the costs associated with developing the predictive maintenance technology
have been excluded. This choice allows for an analysis of the financial bandwidth available for the
investment in the development phase, providing insight into the maximum allowable budget for technology
advancement. To assess this, the financial gains resulting from the predictive maintenance system will
be examined to determine the potential ROl over a time horizon of 20 years.

For each iteration of the Monte Carlo simulation, random samples are drawn from these probability
distributions to compute the total costs and benefits associated with PdM and TM. These calculations
incorporate cost components discussed in subsection 4.2.2. The difference in total costs between PdM
and TM (AC) is calculated for each iteration as:

AC = Ciotal,pars — Ctotal, T 5

where positive values (AC > 0) indicated that PAM was more expensive, while negative values (AC < 0)
suggested cost savings. The aggregated results provide insights into the likelihood of PdM being more
cost-effective than TM, quantified by the probability P(AC > 0).

Discount rate investment

The analysis assumes that any initial development costs must be recovered within this 20-year period.
To account for the time value of money, a discount rate will be applied based on the weighted average
cost of capital (WACC) [27]. The WACC is calculated as follows:

WACC:%xCe—i—ng’dx(l—T) 4.1)

where:

» Eis the value of equity,

* D is the value of debt,

» C. is the cost of equity,

» (, is the cost of debt,

* V represents the total value, calculatedas V = D + E,
» T is the corporate tax rate.

The WACC reflects the minimum return required by investors and creditors to fund the project, considering
both equity and debt financing options. By applying this discount rate, the analysis will identify the level of
development investment that can be supported by the anticipated returns from the predictive maintenance
system, ensuring financial feasibility over the specified time frame. A discount rate of 7.39% is found
using data from NYU (2024) [50].

Furthermore, by using the Monte Carlo intervals, the model allows for an assessment of the probability
that predictive maintenance technology may end up being more costly than traditional maintenance
methods across a range of development costs. This probabilistic approach provides insights into the
risks associated with different investment levels, helping to define an optimal investment threshold that
maximizes the likelihood of cost-effectiveness in implementing predictive maintenance.

4.3. Results

This section presents a detailed comparison between implementing PdM and continuing with traditional
wheel maintenance practices on cargo trains. The analysis focuses on total maintenance costs over time
and a detailed breakdown of key cost components.

4.3.1. Total maintenance costs over time

As shown in Figure 4.3, the analysis of total maintenance costs over a 20-year period, adjusted for
inflation, reveals significant cost savings with the adoption of PdAM compared to TM. The PdM scenario
exhibits a more controlled and predictable cost growth with a flatter cumulative cost curve. In contrast,
the TM scenario shows a steeper increase, indicating higher and accelerating costs over time.
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To quantify the cost-effectiveness of PdM, a Monte Carlo simulation was conducted, running 40,000
iterations to capture a wide range of potential cost scenarios. The simulation estimates that PdM results in
a cost reduction of approximately 39.5% on average over TM, with a 95% confidence interval suggesting
savings between 31.3% and 47.8%. This high confidence level supports the reliability of PdM as a
cost-saving strategy over the long term.

The probability that PdM is more cost-effective than TM was calculated across various scenarios. In
100% of the simulations, PdM yielded lower cumulative costs than TM, underscoring the high likelihood
that PdM is a financially beneficial choice for maintenance.

The model excludes the initial development costs of PdM technology, focusing on operational cost
differences over time. The consistent reduction in maintenance costs with PdM is attributed to proactive
interventions, which prevent the escalation of issues that lead to more costly repairs and unplanned
downtime in TM.
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Figure 4.3: Total maintenance costs over time (inflation-adjusted): with and without predictive Maintenance

4.3.2. Detailed financial metrics

Figure 4.4 presents a comparative view of the mean annual operating costs across multiple categories for
both maintenance strategies. Key cost areas—such as accident-related expenses, downtime, and wheel
treatments—are markedly lower under PdM due to its proactive, data-driven approach. However, PdM
also introduces additional costs, notably for sensor implementation and cybersecurity, which are integral
to establishing a reliable predictive framework. This distribution of costs highlights PdM’s potential to
shift expenses from reactive repairs toward investments in technology and preventive measures.

Table 4.1 quantifies these financial changes, presenting the exact values associated with each cost
category. Notably, PdM achieves significant savings by reducing accident-related costs from €47.4
million to €1.88 million and downtime expenses from €59.4 million to €23.8 million. These savings
underscore PdM’s effectiveness in minimizing disruptions and enhancing operational safety. Conversely,
new expenses associated with PdM—such as sensor installation (€83 million) and ongoing service costs
(€9.6 million)—represent an upfront investment in infrastructure and technology. Despite these added
costs, the total annual expenses with PAM amount to €197 million, compared to €386 million without
PdM, thereby demonstrating a notable 49% reduction in yearly overall operating costs. Because the
sensor replacements do not happen yearly but every 6 years, the 20-year cost reduction is less.
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168 Cost Comparison: With and Without Predictive Maintenance
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Figure 4.4: Mean yearly operating costs split over the different categories.
Table 4.1: Cost comparison: with and without predictive maintenance
Metric With Predictive Mainte- Without Predictive
nance Maintenance
Energy Operating Savings €8.84 x 107 €0.00
Cost for Accidents €1.88 x 10° €4.74 x 107
Implementation Costs for Sensors €8.3 x 107 €0.00
Service Costs for Sensors €9.60 x 10° €0.00
Cybersecurity Costs €1.10 x 10° €0.00
Additional Revenue from Cargo €4.27 x 107 €0.00
Replacement Costs for Wheels per Year | €1.59 x 10® €1.90 x 108
Downtime Costs per Year €2.38 x 107 €5.94 x 107
Cost for Wheel Treatments per Year €1.15 x 108 €8.89 x 107
Total Annual Cost €1.97 x 108 €3.86 x 108

4.3.3. Probability of predictive maintenance cost-effectiveness based on develop-

ment cost
The results of the cost-benefit analysis model, as shown in Figure 4.5, indicate the probability that
PdM technology will be more expensive than traditional maintenance methods across a range of initial
development costs. The Monte Carlo simulation reveals a clear trend: as the initial development cost for
PdM increases, the probability that PdM will surpass the cost of traditional maintenance also rises.

For development costs below € 0.8 billion, the probability that PdM is more expensive remains under 10%,
suggesting a relatively high likelihood of achieving cost savings with PdM. However, as development
costs approach € 1.0 billion, this probability begins to exceed 50%, indicating a substantial risk that PdM
could become cost-prohibitive at higher investment levels. When the development cost reaches € 1.4
billion, the probability of PAM being more costly approaches 100%, making it almost certain that PdM
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would not be cost-effective compared to traditional maintenance at this level of investment.

This analysis underscores the importance of controlling initial development costs to ensure the financial
viability of the PdM technology. By setting a target investment threshold, such as below € 1.0 billion,
stakeholders can maximize the probability of achieving cost-effective outcomes with PdM over the 20-year
analysis period.

Probability of PdM being more expensive vs Initial Development Cost
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Figure 4.5: Development costs of PdM technology plotted against the probability of the case with PdM being more expensive over
a 20-year time period than the case without PdM.

4 4. Discussion

This section assesses the financial and operational impacts of implementing PdM technology on trains, fo-
cusing on the costs and benefits of PAM for wheel monitoring. The discussion also addresses subquestion
4.

Subquestion 4: What costs and benefits are associated with implementing predictive maintenance
technology for wheel maintenance on trains for freight rail operators?

Implementing PdM offers a substantial reduction in cargo rail operators’ average operating costs, decreas-
ing by 39.5% over a 20-year period (from €1.1 billion without PdM to €0.7 billion with PdM). This reduction
underscores PdM’s economic appeal, particularly for operators like DB Cargo, whose discounted financial
capacity for PdM investment stands at €0.6 billion (see Figure 4.5). Given these figures, PdM investment
is a financially sound choice for train operators.

The findings in Table 4.1 highlight the nuanced impact of different cost components in a predictive
maintenance PdM versus TM setup. An observation is that while PdM implementation incurs substantial
service costs, these costs are relatively negligible compared to the broader financial savings achieved.
The cybersecurity costs, while necessary to support PdM, are an order of magnitude lower than other
components and contribute minimally to the total annual cost, emphasizing that investments in these
areas are minor compared to the broader cost reductions enabled by PdM.

One key area where PdM presents an apparent disadvantage is in wheel treatment costs. PdM'’s proactive
approach brings trains in for wheel servicing earlier, increasing the frequency of wheel treatments and
costs. Consequently, when isolating wheel treatment costs, TM may appear more economical due to
less frequent interventions. However, the increased cost from more frequent wheel treatments in PdM is
offset by the overall reduction in replacement costs and the broader cost savings.

Furthermore, while components such as energy operating savings, accident-related costs, additional
cargo revenue, wheel replacement costs, and downtime costs contribute incrementally when evaluated
separately, their combined impact drives a substantial reduction in the total annual cost. The cumulative
effect of these marginal savings reveals the economic advantage of PdM, leading to a nearly 50%
reduction in total annual costs compared to TM. Thus, while PdM involves additional investments in
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certain areas, the overall cost savings justify the approach, with benefits that extend across energy,
safety, and operational downtime dimensions.

Indirect benefits from PdM technology
* Impact on bearing wear
PdM implementation for wheel monitoring indirectly influences wheel bearing costs by minimizing
wear on the wheel bearing. By enabling early detection of wheel damage, PdM reduces shocks
transferred to bearings, thereby decreasing bearing degradation. This preventative effect on
bearing wear represents one of the major indirect benefits of PdM, although the precise extent of
this impact remains unclear. Future research could investigate these effects further to provide a
more comprehensive cost-benefit analysis.

* Reduction in track damage
The use of PdM is anticipated to reduce indirect damage to rail tracks by diminishing the shock impact
of damaged wheels. Although this benefit positively affects both train operators and infrastructure
owners, accurately quantifying track damage reduction proves challenging and has not been
fully addressed here. To enhance the understanding of PdM’s full value, additional studies are
recommended to establish metrics for track damage reduction, which could support broader
motivation for PAM implementation across railway networks.

Indirect benefits for infrastructure owners and maintenance contractors

PdM technology also yields significant indirect benefits for infrastructure owners and maintenance
contractors. Reduced track wear and lowered derailment probabilities mean fewer track mainte-
nance requirements, benefiting infrastructure owners. For maintenance contractors, PdM creates
a more consistent workload by scheduling most maintenance tasks in advance, reducing the
occurrence of emergency repairs. Additionally, track maintenance contractors, often paid per track
kilometer under their care, benefit financially from lower track damage, which in turn reduces their
operating costs.

Investment responsibility and benefit distribution

While PdM provides economic advantages across different stakeholders, it also raises questions
regarding the distribution of investment responsibility. The financial benefits from PdM vary among
maintenance contractors, infrastructure owners, and train operators. Determining an equitable
investment strategy may require assessing the relative gains of each stakeholder to foster collabo-
rative funding and development of PdM.

In summary, this analysis provides a preliminary understanding of the financial and operational benefits
associated with PdM for cargo train maintenance. To better quantify PdM’s impact, further research into
unmeasured benefits, such as reduced bearing and track wear, is recommended. A clearer picture of each
stakeholder’s financial gains from PdM will help identify those best positioned to invest in its development
and deployment, potentially leading to a shared investment model that supports the widespread adoption
of PdM technology.

45. Conclusion

This chapter establishes the financial viability of PdM in the railway sector, supported by a detailed cost-
benefit analysis. PdM offers clear, long-term financial and operational advantages over TM, especially
in reducing expenses linked to unscheduled repairs, accidents, and operational downtime. While the
initial costs of implementing PdM—including sensor deployment and infrastructure investments—are
considerable, Monte Carlo simulations reveal that projected annual savings offset these upfront expenses.
This results in an estimated 39.5% reduction in total maintenance costs over a 20-year period, creating
a substantial opportunity for continued development of PdM technologies specifically suited to wheel
monitoring on freight trains.

Moreover, the indirect benefits of PdM, such as enhanced wheel monitoring, are valuable to various
stakeholders, which can play a pivotal role in facilitating PdM’s broader adoption. If all stakeholders
realize tangible benefits from PdM, the technology’s implementation across the railway sector could
accelerate significantly. However, if certain stakeholders perceive PdM as a cost-only investment without
clear returns, this could delay its widespread adoption.



Discussion and recommendations

This chapter centers on synthesizing the findings from previous chapters to guide the railway industry’s
adoption of PdM technologies. It addresses key challenges, such as regulatory compliance and sector-
specific barriers, and suggests that lessons from sectors like aviation and infrastructure could help
overcome these obstacles. The chapter also emphasizes the importance of aligning business and
technical strategies, noting that a cohesive approach can strengthen PdM’s role in advancing digital
transformation within the railway sector.

5.1. Discussion

This section focuses on discussing and providing recommendations based on the analysis conducted in
the preceding chapters. This chapter highlights regulatory compliance as both a barrier and a potential
opportunity, especially considering the railway sector’s complex safety and regulatory standards. Addi-
tionally, it explores industry-specific challenges and potential cross-industry learning, underscoring how
insights from sectors like aviation and infrastructure could benefit the railway industry. The chapter further
examines the alignment of business and technical strategies, suggesting that a coherent approach could
enhance the impact of PdM on digital transformation efforts in the railway industry.

5.1.1. Regulatory compliance as a barrier and opportunity

Regulatory compliance remains one of the primary barriers to PdM implementation, with government
agencies often focused more on societal benefits than on the operational gains PdM offers railway
operators. Current regulations may be cautious or slow in accommodating new technologies, partly due
to limited evidence of their broader societal impact and the challenges of updating regulatory frameworks
to support such advancements. This regulatory conservatism, while protecting public interests, can
inadvertently slow the adoption of PdM. Therefore, framing PdM’s value in terms that align with public
policy objectives can help shift regulatory perspectives. Specifically, by highlighting PdM’s environmental,
workforce, and safety benefits, stakeholders can encourage regulatory bodies to view PdM as an
investment in societal progress rather than a mere operational enhancement.

Environmental benefits of PAM

Environmental sustainability is a top priority in public policy, especially with the EU’s current nitrogen
emission limits and heightened environmental regulations. PdM offers several clear environmental
advantages that align with these priorities:

1. Energy conservation through optimized components: chapter 4 discusses how PdM contributes
to reduced energy consumption, mainly by maintaining rounder wheels, which create less friction and
thus require less energy to operate. By ensuring components are maintained before deterioration
impacts energy efficiency, PdM reduces the railway’s carbon footprint—a significant consideration
for environmentally focused regulators.

2. Reduction in emergency maintenance interventions: PdM decreases the need for unplanned or
emergency repairs, which often require additional resources, personnel, and logistics that increase
fuel use and emissions. Fewer unscheduled interventions mean a more predictable maintenance
schedule that minimizes these environmental impacts.
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3. Extended lifecycle of components: By detecting and addressing wheel damage early, PdM
helps prolong the lifecycle of wheels and other components. This reduces the frequency of
replacements, conserving resources and limiting the environmental impact associated with the
production, transportation, and disposal of replacement parts. Such lifecycle extension aligns
with circular economy principles and could resonate strongly with environmental agencies and
policymakers.

Workforce efficiency and the current labor market

The shortage of skilled labor in the job market, particularly in technical and industrial sectors, poses
challenges for the railway industry and public transportation infrastructure planning. PdM can contribute
to addressing this shortage by optimizing workforce deployment:

1. Elimination of redundant pre-inspections: Traditional maintenance often includes regular visual
inspections to determine whether a train needs repair. PdM bypasses this preliminary inspection
step by providing real-time data on component health, ensuring that maintenance personnel are
engaged only when repairs are required. This increases efficiency and reduces the strain on the
workforce.

2. Streamlining maintenance resources: The ability of PAM to detect issues early reduces the
need for emergency repair teams, freeing up these skilled personnel for other essential tasks.
This redistribution of workforce resources helps alleviate the pressure on a limited workforce and
enables personnel to focus on more impactful projects within the railway system.

3. Indirect reduction of maintenance on rail tracks: By reducing damage to train wheels through
proactive intervention, PdM also lowers the likelihood of wear and tear on rail tracks. This enhances
train performance and indirectly reduces the need for track maintenance, further relieving work-
force demands and aligning with government goals of minimizing resource constraints in public
infrastructure.

Enhanced safety and public confidence

Safety remains one of the strongest arguments for PdM adoption, particularly from a regulatory perspective.
PdM technology enhances railway safety by continuously monitoring key train components, notably
wheelsets. This proactive approach supports early detection of faults that could potentially lead to
accidents:

1. Real-time condition monitoring: PdM systems offer nearly live insights into the status of essential
components like wheels, allowing maintenance teams to intervene as soon as signs of damage
appear. By addressing issues at the earliest stage, PdM helps prevent severe problems such as
extensive wheel flats, which can lead to unsafe operating conditions. This preemptive maintenance
is essential to reducing risks and preventing disruptions to service.

2. Reduction of safety-related incidents: Implementing PdM could lead to fewer safety-related
incidents and reduced risk of service delays caused by component failures. Improved safety records
align with public transportation goals, as government bodies aim to uphold and enhance public
confidence in the safety and reliability of railway systems.

3. Support for regulatory safety goals: As safety is often a key focus in regulatory frameworks
for public transportation, PdM’s safety benefits align well with governmental goals. Real-time
monitoring and early fault detection demonstrate a proactive maintenance approach that enhances
operational efficiency and directly supports regulatory objectives to ensure public safety.

Convincing governmental bodies to support PAM

To encourage regulatory bodies to prioritize PdM, stakeholders must comprehensively view its societal
benefits. Environmental, workforce, and safety benefits provide a narrative beyond operational efficiency
to underscore PdM as a responsible, sustainable, and forward-looking solution for the railway sector.
By building coalitions with environmental, labor, and safety advocacy groups, the railway industry can
further support a case for regulatory support. Additionally, providing clear metrics on reduced energy use,
workforce efficiency, and safety improvements can demonstrate PdM’s value as a public good, paving
the way for regulatory frameworks that actively encourage its adoption.

In conclusion, the alignment of PdM with public policy priorities makes it a promising candidate for
regulatory support. While regulatory compliance presents challenges, these can be mitigated by em-
phasizing PdM’s alignment with societal goals in environmental sustainability, workforce optimization,
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and safety—three areas that resonate strongly with government bodies and the public alike. By framing
PdM within these values, industry advocates can make a compelling case for its wider adoption and the
regulatory adaptations needed to facilitate its integration into the railway sector.

5.1.2. Sector-specific barriers and cross-industry learning

Data integration and standardization

Data integration and standardization are barriers to high driving power in the railway industry. Similar
challenges are evident in the infrastructure and aviation sectors. In aviation, data standardization enables
PdM by harmonizing the vast datasets from various sensors and subsystems, which supports real-time
fault prediction and maintenance scheduling. Similarly, infrastructure sectors, like Rijkswaterstaat in the
Netherlands, face data integration issues due to decentralized asset management, where consistent
data formats and quality across regions are crucial for effective PdM.

In both sectors, overcoming data integration and standardization barriers required substantial investments
in data infrastructure and adopting uniform data standards. For the railway industry, a similar approach
could be beneficial. Implementing PdM effectively would involve establishing consistent data formats
across all assets and systems, facilitating the integration of predictive analytics and real-time monitoring
capabilities.

Organizational and cultural barriers

The barrier of organizational and cultural resistance is another independent challenge in PdM implemen-
tation, notably affecting the railway and infrastructure sectors. Organizational reluctance often stems
from resistance to change, concerns over job displacement, and the need for substantial training. In in-
frastructure, Rijkswaterstaat’'s experience showed that fostering a culture of data-driven decision-making
and incremental PdM adoption helped mitigate this resistance. Involving stakeholders early and providing
clear communication about the benefits of PdM was key to a successful rollout.

Learning from sector-specific challenges

The railway industry can draw valuable lessons from the challenges faced by other sectors, particularly
by emphasizing strategies that foster cultural readiness for PdM adoption. Key practices include im-
plementing structured training programs, adopting phased rollouts, and engaging stakeholders early to
mitigate resistance. By leveraging these experiences, the railway sector can proactively address issues
such as data standardization and cultivate an organizational culture that supports the adoption of PdM
and its sustainable long-term use.

These cross-sector insights underscore that, while each industry has unique challenges, the strategies
employed by aviation and infrastructure sectors to overcome barriers offer a robust foundation for
PdM implementation in railways. Future research could explore additional industries with comparable
dynamics, such as the maritime sector, which shares a heavy-duty operational environment and stringent
safety requirements, or the energy distribution sector, characterized by capital-intensive infrastructure,
regulatory frameworks, and complex maintenance subcontracting.

5.1.3. Business-technical alignment and its impact on digital transformation
Importance of business-technical alignment as a linkage barrier

The alignment between business strategy and technical capabilities emerges as a critical linkage barrier
in the digital transformation landscape. Despite business-technical alignment not being identified as
a fundamental barrier, this barrier has even higher driving power than economic viability, highlighting
the essential role of business-technical alignment in successful digital transitions. Organizations may
experience resource allocation, priority-setting, and expectation management gaps when business
objectives are not closely aligned with technical capabilities. In the railway industry, where PdM technology
depends on such alignment, misaligned priorities can significantly hinder PdM’s implementation and
effectiveness.

Challenges of transitioning to digital services

One of the most prevalent challenges when transitioning to digital services is the misalignment of
business and technical expectations. Often, business leaders may not fully understand the technical
aspects of the associated risks of PdM, leading to oversights in budgeting, unrealistic performance
expectations, and underestimated maintenance requirements [10]. In high-tech industries, achieving
alignment requires a balance between understanding technical risks and leveraging business opportunities
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[1]. The infrastructure and aviation sectors have demonstrated that digital projects risk overestimating
technical capabilities and underestimating the support needed for a smooth transition without precise
alignment.

Strategies to overcome alignment barriers
To overcome alignment challenges, it is recommended that organizations adopt strategies such as:

* Increasing technical literacy for business leaders: Training initiatives can help business leaders
gain a foundational understanding of PdM technologies, reducing misalignment risks [1, 11].

* Implementing enhanced communication channels: Establishing consistent communication
between business and technical teams can set realistic goals and align priorities for digital transfor-
mation efforts [1, 11].

» Developing joint key performance indicators (KPIs): Shared KPIs, which reflect both business
objectives and technical achievements, effectively maintain focus on mutual goals, helping ensure
long-term PdM success in railway operations [1, 11].

When managed effectively, business-technical alignment is a non-fundamental linkage barrier that
accelerates PdM adoption by influencing other fundamental barriers and contributing to a more sustainable
and efficient railway maintenance system.

5.1.4. Equitable investment strategy

An equitable investment strategy for PdM in the railway sector should center on distributing costs
according to the benefits each stakeholder receives. PdM offers clear advantages to train operators,
infrastructure owners, and maintenance contractors; however, these benefits’ direct and indirect nature
varies significantly across each group. This complexity necessitates a nuanced approach to investment
responsibility, ensuring fair contribution by aligning investment levels with the degree of benefit each
stakeholder derives. Relevant principles and potential structures for equitable investment in PdM can be
drawn from multi-stakeholder partnership (MSP) frameworks and collaborative models in other sectors.

Principles of an equitable investment strategy

1. Proportional contribution based on benefits: A core principle for equitable investment is the
alignment of financial contributions with the degree of benefit each stakeholder gains. Train
operators who experience substantial direct savings—such as a 37% reduction in operating costs
over 20 years—would logically carry a larger share of the PdM investment. On the other hand,
infrastructure owners and maintenance contractors benefit indirectly through reduced track wear and
lower emergency repair costs, might contribute proportionally less but still meaningfully participate
in funding the technology.

2. Incentivizing indirect beneficiaries: For stakeholders like infrastructure owners and maintenance
contractors, whose benefits are substantial yet indirect, incentives can play a critical role in securing
investment. Governments or industry regulators could offer incentives or subsidies to encourage
infrastructure owners to support PdM deployment, given its societal benefits, such as increased
safety and reduced derailment risks. This approach can balance the financial load and reduce
barriers for stakeholders who are less immediately motivated by direct economic gains.

3. Long-term, sustainable partnership frameworks: Drawing on insights from MSP literature,
effective long-term collaborations are often achieved by creating partnership frameworks that
balance accountability, shared governance, and flexibility [26, 5, 67]. These frameworks encourage
transparency in roles, responsibilities, and benefits while ensuring adaptability to changing circum-
stances. For PdM, this might mean establishing a consortium or public-private partnership (PPP)
where contributions are revisited periodically based on evolving benefit metrics and technological
advancements.

Implementing an equitable investment model: strategies and structures
Building on the principles above, various models from different sectors can offer guidance on implementing
an equitable investment approach. Viable structures include:

Consortium-based investment model - In the telecom industry, companies invested in 5G technology
through consortiums, which allowed them to pool resources and share risks for the common benefit of
accessing next-generation networks. A similar consortium could be created for PdM investment, involving
train operators, infrastructure owners, and maintenance contractors as stakeholders.
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Each stakeholder would contribute based on an initial assessment of expected benefits, with regular
reassessments to reflect updated performance and cost savings data [5]. Such a model would foster
collective accountability, encourage collaboration on technology improvements, and ensure all parties
have a stake in PdM’s success [67]. This approach requires an accurate cost-benefit analysis across all
stakeholders. Key metrics could include reductions in bearing wear, track damage, and maintenance
workload distribution. A recurring evaluation period, such as every five years, could adjust each stake-
holder’s investment proportion based on realized benefits, ensuring ongoing equity as the technology
matures and benefits evolve.

Public-Private Partnership (PPP) model - Given PdM’s societal benefits—such as improved safety,
reliability, and efficiency in public transport infrastructure—a PPP could be an ideal model. In PPPs,
the public sector typically offers initial funding or incentives to lower the investment threshold for private
stakeholders, especially for infrastructure improvements benefiting the public.

For PdM, governments or rail authorities could subsidize initial technology adoption for track monitoring
systems, while train operators and contractors are responsible for implementing and maintaining the
systems. This model would spread initial investment risks while motivating private stakeholders to invest
further as they realize cost savings.

Challenges and considerations
1. Accurate measurement of indirect benefits: One of the main challenges is quantifying the
indirect benefits, such as reduced track wear and bearing degradation. While train operators can
measure their savings more directly, infrastructure owners and maintenance contractors need more
comprehensive data on PdM’s impact on their assets. Further studies to develop reliable metrics
for indirect benefits, such as reduced track damage and maintenance consistency, would help
justify proportional contributions.

2. Governance and accountability: For a consortium or PPP to succeed, it must include clear
governance structures that define each stakeholder’s role, responsibilities, and financial commit-
ments. Drawing from MSP frameworks, incorporating regular reviews, transparent decision-making
processes, and accountability mechanisms (such as independent audits) can strengthen trust and
collaboration [5].

3. Adjusting to evolving technology and benefits: The value of PAM may increase over time as
technology improves and additional benefits emerge. To accommodate these shifts, an equitable
investment model should include provisions for periodically revising contributions, potentially based
on new performance indicators or cost savings. This flexibility would ensure that investment
responsibilities remain fair as the PdM technology evolves and the benefits become more universally
measurable.

An equitable investment strategy for PdM in railways requires a collaborative approach that aligns each
stakeholder’s financial responsibility with the specific benefits they gain. Consortium-based models,
public-private partnerships, and benefit-proportional investments offer viable frameworks tailored to the
unique benefit distribution among train operators, infrastructure owners, and maintenance contractors.
By adopting an MSP approach with transparent, flexible, and accountable structures, stakeholders can
collectively fund PdM that optimizes investment equity, maximizes returns, and supports the widespread
adoption of this technology.

5.2. Strengths and weaknesses

Strengths
1. Comprehensive scope of analysis: The thesis thoroughly examines the challenges and opportu-
nities associated with implementing PdM in the railway industry. It effectively identifies technical,
organizational, and financial barriers while considering cross-industry best practices for overcoming
them. This multifaceted approach ensures a well-rounded understanding of the subject.

2. Application of methodologies: ISM and Fuzzy MICMAC demonstrate a solid commitment to
methodological rigor. These tools help clarify the complex relationships between barriers and offer
a systematic way to prioritize interventions, making the findings valuable for academic and practical
applications.

3. Cross-industry comparisons: Drawing lessons from aviation and public infrastructure sectors
enhances the thesis’s relevance by incorporating proven strategies from industries with similar
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challenges. This comparative lens adds depth to the analysis and strengthens the credibility of the
proposed recommendations.

. Economic insight: The inclusion of a cost-benefit analysis provides a quantitative dimension to

the study, offering compelling evidence of the financial feasibility of PAM. By calculating potential
long-term savings (up to 39.5% over two decades), the thesis equips stakeholders with a persuasive
case for investment.

. Structured recommendations: The study offers well-defined and actionable recommendations,

such as phased implementation strategies, stakeholder alignment, regulatory clarity, and workforce
training. These insights directly address identified barriers and provide a practical roadmap for
implementation.

. Integration of stakeholder perspectives: By recognizing the roles of operators, manufacturers,

regulators, and policymakers, the thesis acknowledges the complex, multi-stakeholder environment
of the railway sector, which is crucial for a successful PdM rollout

Weaknesses

1.

Limited empirical validation: While the thesis employs robust analytical frameworks, its reliance
on secondary data and theoretical insights limits real-world applicability. Future research could
address this by incorporating empirical validation through case studies, pilot programs, or field
experiments within the railway sector. This would provide evidence of PdM’s impact and enhance
the study’s credibility.

Focus on freight trains: The narrow focus on freight trains reduces the generalizability of the
findings. Further studies could explore the applicability of PAM in passenger and high-speed rail
systems to provide a more comprehensive understanding of its potential across diverse railway
operations. Expanding the scope would also uncover unique challenges faced by these segments.

Regulatory framework analysis: While the thesis highlights the importance of regulatory com-
pliance, it could benefit from a deeper exploration of specific national and international standards
affecting PdM adoption. Future research should conduct detailed analyses of regulatory frameworks
to identify enablers and constraints, offering actionable guidance for policymakers and industry
stakeholders.

Stakeholder diversity: The current study underrepresents the perspectives of frontline mainte-
nance workers and smaller operators, who are integral to the practical implementation of PdM.
Future research could involve a more diverse range of stakeholders through structured surveys
or focus groups, capturing insights from all levels of the industry to ensure a more inclusive
understanding of challenges and solutions.

Dynamic nature of PdM technology: Rapid advancements in PdM technologies, such as machine
learning and loT, might render some findings outdated. To address this, future research could
adopt a dynamic modeling approach incorporating scenario planning to account for technological
evolution and emerging trends. Regular updates to cost-benefit analyses could also ensure their
continued relevance.

Implementation challenges in fragmented systems: The thesis highlights stakeholder collab-
oration but does not fully address the technical and operational complexities of integrating PdM
across fragmented railway networks. Further research should delve into standardization efforts,
interoperability challenges, and change management strategies to facilitate smoother adoption.

Dependence on unstructured interviews: The reliance on unstructured interviews introduces
variability in data collection and potential biases, impacting the consistency of insights. Future
studies could use semi-structured or structured interviews with predefined questions to ensure
systematic coverage of key topics.

By addressing these limitations, future research can build on the strengths of this thesis while improving
the empirical foundation, stakeholder inclusivity, and methodological robustness. This will ensure that
findings remain relevant and actionable in the rapidly evolving context of PdM adoption in the railway
industry.



Conclusions and reflection

This chapter summarizes the thesis conclusions and reflections on the study’s findings. This chapter
provides key recommendations for stakeholders in the railway industry and outlines directions for fu-
ture research. It emphasizes the importance of aligning PdM efforts with business goals, regulatory
requirements, and operational frameworks to ensure PdM'’s effective integration. Additionally, the chapter
discusses lessons learned and the strategic implications of PdM adoption, especially in addressing
industry-specific challenges and fostering organizational change. The focus is creating a sustainable
roadmap for PdM implementation that supports the industry’s long-term digital transformation goals.

6.1. Conclusion

This thesis explores PdM in the railway sector, identifying and analyzing barriers to its implementation
and assessing its financial feasibility. The findings show that economic viability, regulatory compliance,
and business-technical alignment are the critical barriers. Economic viability is a primary factor, as
stakeholders need assurance of cost-effectiveness through demonstrated long-term savings. Regulatory
compliance presents another challenge due to stringent safety standards and limited legal frameworks
for predictive technologies. Business-technical alignment, crucial for integrating PdM seamlessly into
operations, emphasizes the need for multi-stakeholder commitment and strategic alignment.

A cost-benefit analysis validates PdM’s potential to reduce long-term maintenance costs by 39.5% over
20 years for DB Cargo. This includes direct savings from optimized maintenance and indirect benefits
like extended component life and reduced emergency repairs. The analysis indicates that while PdM
implementation might incur significant initial costs, future operational efficiencies offset these.

The study concludes that a collaborative, industry-wide approach is essential for successful PdM adoption,
addressing economic, regulatory, and organizational alignment. Recommendations include industry
collaboration to create supportive regulatory frameworks, further research on unmeasured benefits like
reduced track damage, and equitable investment models for stakeholders. Embracing these strategies
can help drive PdM’s widespread adoption, benefiting both railway operators and the industry.

6.2. Recommendations for the stakeholders
The research question of this study is:

What critical actions can enable the effective implementation of predictive maintenance technology in the
freight rail industry?

The answer to this question can be broken down into several concrete recommendations to the stake-
holders of PdM technology in the freight rail industry. These consist of:

* Regulatory collaboration and compliance: Work with regulatory bodies to develop a framework
that aligns PdM technology with safety and environmental standards. Present the societal benefits
of PdM, such as enhanced safety and reduced emissions, to gain regulatory support and enable a
smoother compliance process.
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— Quantify environmental and societal benefits to gain regulatory support: Frame PdM as
a technology aligned with societal priorities like sustainability, public safety, and workforce
efficiency enhancements. For example, emphasize PdM’s potential to reduce emissions and
optimize energy usage, which can make a compelling case for regulatory bodies to provide
the necessary policy adjustments and incentives.

» Develop industry standards for data management: Implement standardized data management
protocols across the railway industry to enable seamless data sharing, integration, and predictive
analysis. By learning from sectors like aviation, which rely heavily on standardized data, the railway
sector can improve data interoperability, reduce redundant processes, and simplify PdM model
deployment.

* Invest in workforce training and development: Address organizational and cultural barriers by
training maintenance staff and management on PdM’s benefits and operational processes. Not
only is a skilled workforce earmarked as a fundamental barrier, but building a skilled workforce also
can improve adoption rates and ensure long-term success.

— Foster a culture of data-driven decision-making: To address cultural resistance, invest
in programs that promote a data-informed approach within the workforce. Training sessions,
incentives, and case studies demonstrating PdM’s success in other industries can encourage
railway personnel to adopt and integrate PdM processes with greater enthusiasm.

— Pilot testing and gradual scaling: Start with pilot PdM projects on specific components
or infrastructure areas, such as wheelset or track monitoring. Gradually scale up based on
results to manage risks and ensure the technology’s reliability before broader adoption. This
phased approach can increase stakeholder confidence and provide valuable data to refine
PdM strategies.

» Explore multi-stakeholder investment models: Given the high initial costs, consider collaborative
investment strategies where costs and benefits are shared across stakeholders. This approach
can help mitigate financial barriers and make PdM a viable option for all parties involved.

— Regularly update investment contributions based on performance: PdM technologies
will improve over time, as will their cost savings and operational impact. Stakeholders should
periodically re-evaluate their financial contributions to ensure fair distribution aligned with
evolving benefits and cost savings.

— Develop metrics for unquantified benefits: Create measurable indicators for indirect PdM
benefits, like reduced track damage and improved reliability, to provide a complete picture of
its financial and operational value. This can further justify investments and encourage adoption
among stakeholders.

» Leverage cross-industry insights: Adapt best practices from sectors like aviation and public
infrastructure, which have successfully implemented PdM. Learning from these industries can
provide insights into overcoming similar barriers, such as high upfront costs and complex data
integration challenges.

6.3. Recommendations for further research

This section outlines directions for future studies to build on the findings of this thesis, enhancing the
understanding and implementation of PdM in the railway industry:

1. Empirical validation of barriers and benefits
Future studies should include pilot programs or real-world case studies within railway systems to
validate the identified technological barriers and quantified benefits empirically. This would provide
stronger evidence for the economic, technical, and operational feasibility of PdM, addressing current
limitations in data reliability and contextual variability.

2. Extension to passenger and high-speed rail
Expanding the scope of research to include passenger and high-speed rail systems could offer
a broader perspective on the unique challenges and benefits of PdM in diverse railway contexts.
This would enhance the generalizability of findings and reveal opportunities for cross-segment
innovations.
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3. Dynamic modeling approaches
Given the rapid evolution of PdM technologies, such as machine learning and loT, future re-
search should adopt dynamic modeling techniques. Scenario planning could be used to anticipate
technological advancements, operational trends, and changing cost-benefit landscapes.

4. Stakeholder diversity and inclusivity
Engaging a more diverse range of stakeholders, including track owners, OEMs, and smaller railway
operators, through structured surveys or focus groups can provide richer insights into practical
challenges and solutions. This inclusivity will improve the practical applicability of PdM strategies.

5. Development of new metrics for indirect benefits
Establishing standardized, measurable indicators for currently unquantified benefits, such as
reduced track damage or improved reliability, is necessary. These metrics would help assess
PdM'’s impact comprehensively and provide stronger investment justifications.

6. Enhanced regulatory analysis
Further studies could provide in-depth analyses of national and international regulatory frameworks
to identify specific enablers and constraints for PAM adoption. This would inform policy-making and
guide railway operators in aligning with legal requirements.

7. Explore other similar industries
While this thesis has focused on the airline and infrastructure sectors, further exploration of other
industries, such as energy transport and maritime, could yield additional valuable insights. These
industries face unique challenges and employ distinct strategies that may provide innovative
solutions and complementary perspectives for addressing barriers in the railway industry.

By pursuing these avenues, future research can address existing knowledge gaps and contribute to a
more robust and actionable understanding of PdM technology in railways, supporting its sustainable
adoption and operational success.
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Reference list quantitative part of
literature review

This appendix provides a comprehensive list of the 100 academic articles referenced in the quantitative
analysis of PdM implementation within the railway industry. These sources span a range of topics,
including technical advancements, managerial strategies, and combined approaches, and form the
foundation for the study’s exploration of barriers, challenges, and opportunities in PdM adoption. The
curated selection includes peer-reviewed papers, industry reports, and case studies published between
2018 and 2024, ensuring relevance to the current state of PdM technology and practices. This reference
list supports the findings discussed in the thesis and offers a resource for further exploration into PdM
applications across various sectors.

60



(1]

(2]

[3]

[4]

[3]

(6]

[7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

Secondary Bibliography

Sanjar Ahmad et al. “Development of a Digital Twin for prediction of rail surface damage in heavy
haul railway operations”. In: Vehicle System Dynamics 62.1 (2023), pp. 41-66. ISSN: 17445159.
DOI: 10.1080/00423114.2023.2237620.

Abderrahman Ait-Ali et al. “Evaluating the mix of maintenance activities on railway crossings with
respect to life-cycle costs”. In: European Journal of Transport and Infrastructure Research 24.1
(Mar. 2024), pp. 1-29. ISSN: 15677141. DOI: 10.59490/ejtir.2024.24.1.6885.

Mujadded Al Rabbani Alif et al. “BoltVision: A Comparative Analysis of CNN, CCT, and ViT in
Achieving High Accuracy for Missing Bolt Classification in Train Components”. In: Machines 12.2
(Feb. 2024). ISSN: 20751702. DOI: 10.3390/machines12020093.

Zaharah Allah Bukhsh et al. “Predictive maintenance using tree-based classification techniques:
A case of railway switches”. In: Transportation Research Part C: Emerging Technologies 101
(Apr. 2019), pp. 35-54. ISSN: 0968090X. DOI: 10.1016/j.trc.2019.02.001.

Benjamin Baasch et al. “Train wheel condition monitoring via cepstral analysis of axle box
accelerations”. In: Applied Sciences (Switzerland) 11.4 (Feb. 2021), pp. 1-12. ISSN: 20763417.
DOI: 10.3390/app11041432.

Pegah Barkhordari, Roberto Galeazzi, and Mogens Blanke. “Prognosis of railway ballast degra-
dation for turnouts using track-side accelerations”. In: Proceedings of the Institution of Mechanical
Engineers, Part O: Journal of Risk and Reliability 234.4 (Aug. 2020), pp. 601-610. ISSN: 17480078.
DOI: 10.1177/1748006X20901410.

Nikola Besinovic et al. “Artificial Intelligence in Railway Transport: Taxonomy, Regulations, and
Applications”. In: IEEE Transactions on Intelligent Transportation Systems 23.9 (Sept. 2022),
pp. 14011-14024. ISSN: 15580016. DOI: 10.1109/TITS.2021.3131637.

Mario Binder, Vitaliy Mezhuyev, and Martin Tschandl. “Predictive Maintenance for Railway Domain:
A Systematic Literature Review”. In: IEEE Engineering Management Review 51.2 (2023), pp. 120-
140. ISSN: 19374178. DOI: 10.1109/EMR.2023.3262282.

Joaquim A.P. Braga and Antonio R. Andrade. “Multivariate statistical aggregation and dimen-
sionality reduction techniques to improve monitoring and maintenance in railways: The wheelset
component”. In: Reliability Engineering and System Safety 216 (Dec. 2021). ISSN: 09518320.
DOI: 10.1016/j.ress.2021.107932.

Yafeng Chen et al. “Dynamic Reliability Assessment Method for a Pantograph System Based on
a Multistate T-S Fault Tree, Dynamic Bayesian”. In: Applied Sciences (Switzerland) 13.19 (Oct.
2023). ISSN: 20763417. DOI: 10.3390/app131910711.

Yi Chen et al. “Dynamic Scheduling of Intelligent Group Maintenance Planning under Usage
Availability Constraint”. In: Mathematics 10.15 (Aug. 2022). ISSN: 22277390. DOI: 10.3390/
math10152730.

Lorenzo Ciani et al. “Condition-based maintenance of hvac on a high-speed train for fault detection”.
In: Electronics (Switzerland) 10.12 (June 2021). ISSN: 20799292. DOI: 10.3390/electronics10
121418.

Surya Sarat Chandra Congress and Anand J. Puppala. “A Road Map for Geotechnical Monitoring of
Transportation Infrastructure Assets using Three-Dimensional Models Developed from Unmanned
Aerial Data”. In: Indian Geotechnical Journal 51.1 (Feb. 2021), pp. 84-96. ISSN: 22773347. DOI:
10.1007/s40098-020-00470-y.

Alice Consilvio, Angela Di Febbraro, and Nicola Sacco. “A Rolling-Horizon Approach for Predictive
Maintenance Planning to Reduce the Risk of Rail Service Disruptions”. In: [EEE Transactions on
Reliability 70.3 (Sept. 2021), pp. 875-886. ISSN: 15581721. DOI: 10.1109/TR.2020.3007504.

61


https://doi.org/10.1080/00423114.2023.2237620
https://doi.org/10.59490/ejtir.2024.24.1.6885
https://doi.org/10.3390/machines12020093
https://doi.org/10.1016/j.trc.2019.02.001
https://doi.org/10.3390/app11041432
https://doi.org/10.1177/1748006X20901410
https://doi.org/10.1109/TITS.2021.3131637
https://doi.org/10.1109/EMR.2023.3262282
https://doi.org/10.1016/j.ress.2021.107932
https://doi.org/10.3390/app131910711
https://doi.org/10.3390/math10152730
https://doi.org/10.3390/math10152730
https://doi.org/10.3390/electronics10121418
https://doi.org/10.3390/electronics10121418
https://doi.org/10.1007/s40098-020-00470-y
https://doi.org/10.1109/TR.2020.3007504

Secondary Bibliography 62

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[26]

[27]

[28]

[29]

[30]

[31]

[32]

Alice Consilvio et al. “A data-driven prioritisation framework to mitigate maintenance impact on
passengers during metro line operation”. In: European Transport Research Review 16.1 (Dec.
2024). ISSN: 18668887. DOI: 10.1186/s12544-023-00631-z.

Alice Consilvio et al. “On applying machine learning and simulative approaches to railway asset
management: The earthworks and track circuits case studies”. In: Sustainability (Switzerland)
12.6 (Mar. 2020). ISSN: 20711050. DOI: 10.3390/sul12062544.

Alice Consilvio et al. “Risk-based optimal scheduling of maintenance activities in a railway network”.
In: EURO Journal on Transportation and Logistics 8.5 (Dec. 2019), pp. 435—465. ISSN: 21924384.
DOI: 10.1007/s13676-018-0117-z.

Mariana A. Costa et al. “A hybrid maintenance approach for key components of the train bogie to
optimize fleet availability”. In: Engineering Failure Analysis 165 (Nov. 2024). ISSN: 13506307.
DOI: 10.1016/j.engfailanal.2024.108815.

Adolfo Crespo del Castillo, José Antonio Marcos, and Ajith Kumar Parlikad. “Dynamic fleet
maintenance management model applied to rolling stock”. In: Reliability Engineering and System
Safety 240 (Dec. 2023). ISSN: 09518320. DOI: 10.1016/j.ress.2023.109607.

Gabriel Davidyan, Renata Klein, and Jacob Bortman. “Enhanced algorithm for predictive mainte-
nance to detect turbocharger overspeed in diesel engine rail vehicles”. In: Scientific Reports 14.1
(Dec. 2024). ISSN: 20452322. DOI: 10.1038/s41598-024-70317-6.

Lorenzo De Donato et al. “Intelligent detection of warning bells at level crossings through deep
transfer learning for smarter railway maintenance”. In: Engineering Applications of Artificial Intelli-
gence 123 (Aug. 2023). ISSN: 09521976. DOI: 10.1016/j .engappai.2023.106405.

Lorenzo De Donato et al. “Towards Al-assisted digital twins for smart railways: preliminary
guideline and reference architecture”. In: Journal of Reliable Intelligent Environments 9.3 (Sept.
2023), pp. 303-317. ISSN: 21994676. DOI: 10.1007/s40860-023-00208-6.

Luigi De Simone et al. “LSTM-based failure prediction for railway rolling stock equipment”. In:
Expert Systems with Applications 222 (July 2023). ISSN: 09574174. DOI: 10.1016/j .eswa.2023.
119767.

Emanuele Di Fiore et al. “An anomalous sound detection methodology for predictive maintenance”.
In: Expert Systems with Applications 209 (Dec. 2022). ISSN: 09574174. DOI: 10.1016/j .eswa.
2022.118324.

Souhir Elleuch, Bassem Jarboui, and Nenad Mladenovic. “Preventive maintenance planning of
railway infrastructure by reduced variable neighborhood programming”. In: Optimization Letters
16.1 (Jan. 2022), pp. 237-253. ISSN: 18624480. DOI: 10.1007/s11590-020-01664-2.

Itxaro Errandonea et al. “A Maturity Model Proposal for Industrial Maintenance and Its Application
to the Railway Sector”. In: Applied Sciences (Switzerland) 12.16 (Aug. 2022). ISSN: 20763417.
DOI: 10.3390/app12168229.

Fulin Fan et al. “Pantograph Arc Location Estimation Using Resonant Frequencies in DC Railway
Power Systems”. In: IEEE Transactions on Transportation Electrification 7.4 (Dec. 2021), pp. 3083—
3095. ISSN: 23327782. DOI: 10.1109/TTE. 2021 .3062229.

Behzad V. Farahani et al. “A railway tunnel structural monitoring methodology proposal for
predictive maintenance”. In: Structural Control and Health Monitoring 27.8 (Aug. 2020). ISSN:
15452263. DOI: 10.1002/stc.2587.

Farzam Farbiz et al. “Reliability-improved machine learning model using knowledge-embedded
learning approach for smart manufacturing”. In: Journal of Intelligent Manufacturing (2024). ISSN:
15728145. DOI: 10.1007/s10845-024-02482-4.

Chiara Ferrante et al. “Non-destructive technologies for sustainable assessment and monitoring
of railway infrastructure: a focus on GPR and InSAR methods”. In: Environmental Earth Sciences
80.24 (Dec. 2021). ISSN: 18666299. DOI: 10.1007/s12665-021-10068~-z.

Fagner Furtado and Diogo Ribeiro. “Railway Bridge Management System Based on Visual
Inspections with Semi-Markov Continuous Time Process”. In: KSCE Journal of Civil Engineering
27.1 (Jan. 2023), pp. 233—-250. ISSN: 19763808. DOI: 10.1007/s12205-022-0387-8.

Marcos Massao Futai et al. “Challenges in the application of digital transformation to inspection and
maintenance of bridges”. In: Structure and Infrastructure Engineering 18.10-11 (2022), pp. 1581—
1600. ISSN: 17448980. DOI: 10.1080/15732479.2022.2063908.


https://doi.org/10.1186/s12544-023-00631-z
https://doi.org/10.3390/su12062544
https://doi.org/10.1007/s13676-018-0117-z
https://doi.org/10.1016/j.engfailanal.2024.108815
https://doi.org/10.1016/j.ress.2023.109607
https://doi.org/10.1038/s41598-024-70317-6
https://doi.org/10.1016/j.engappai.2023.106405
https://doi.org/10.1007/s40860-023-00208-6
https://doi.org/10.1016/j.eswa.2023.119767
https://doi.org/10.1016/j.eswa.2023.119767
https://doi.org/10.1016/j.eswa.2022.118324
https://doi.org/10.1016/j.eswa.2022.118324
https://doi.org/10.1007/s11590-020-01664-2
https://doi.org/10.3390/app12168229
https://doi.org/10.1109/TTE.2021.3062229
https://doi.org/10.1002/stc.2587
https://doi.org/10.1007/s10845-024-02482-4
https://doi.org/10.1007/s12665-021-10068-z
https://doi.org/10.1007/s12205-022-0387-8
https://doi.org/10.1080/15732479.2022.2063908

Secondary Bibliography 63

[33]

[34]

[35]

[36]

[37]

[38]

[39]

[40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

[49]

Antonio Galvez et al. “Fault detection and RUL estimation for railway HVAC systems using a hybrid
model-based approach”. In: Sustainability (Switzerland) 13.12 (June 2021). ISSN: 20711050.
DOI: 10.3390/su13126828.

Fernando Garramiola et al. “A hybrid sensor fault diagnosis for maintenance in railway traction
drives”. In: Sensors (Switzerland) 20.4 (Feb. 2020). ISSN: 14248220. DOI: 10.3390/s20040962.

Pablo Garrido Martinez-Llop, Juan de Dios Sanz Bobi, and Manuel Olmedo Ortega. “Time
consideration in machine learning models for train comfort prediction using LSTM networks”.
In: Engineering Applications of Atrtificial Intelligence 123 (Aug. 2023). ISSN: 09521976. DOI:
10.1016/j.engappai.2023.106303.

Abdul Quayyum Gbadamosi et al. “loT for predictive assets monitoring and maintenance: An
implementation strategy for the UK rail industry”. In: Automation in Construction 122 (Feb. 2021).
ISSN: 09265805. DOI: 10.1016/j .autcon.2020.103486.

Faeze Ghofrani et al. “Rail breaks arrival rate prediction: A physics-informed data-driven analysis
for railway tracks”. In: Measurement: Journal of the International Measurement Confederation
172 (Feb. 2021). ISSN: 02632241. DOI: 10.1016/j .measurement .2020.108858.

O. Gilles et al. “Securing lloT communications using OPC UA PubSub and Trusted Platform
Modules”. In: Journal of Systems Architecture 134 (Jan. 2023). ISSN: 13837621. DOI: 10.1016/
j.sysarc.2022.102797.

B. Girstmair, A. Haigermoser, and P. Dietmaier. “Advantages of using statistical models for
detecting faulty components in railway bogies against using simple criteria as defined in standards”.
In: Vehicle System Dynamics 59.1 (2021), pp. 56—69. ISSN: 17445159. DOI: 10.1080/00423114.
2019.1662925.

Maria Jesus Gomez et al. “Railway axle condition monitoring technique based on wavelet packet
transform features and support vector machines”. In: Sensors (Switzerland) 20.12 (June 2020),
pp. 1-18. ISSN: 14248220. DOI: 10.3390/520123575.

Damian Grzechca, Pawet Rybka, and Roman Pawetczyk. “Level crossing barrier machine faults
and anomaly detection with the use of motor current waveform analysis”. In: Energies 14.11 (June
2021). ISSN: 19961073. DOI: 10.3390/en14113206.

Damian Grzechca, Dariusz Zielinski, and Wojciech Filipowski. “What is the effect of outer jacket
degradation on the communication parameters? A case study of the twisted pair cable applied in
the railway industry”. In: Energies 14.4 (Feb. 2021). ISSN: 19961073. DOI: 10.3390/en14040972.

Saeed H-Nia et al. “Predictive maintenance in railway systems: MBS-based wheel and rail life
prediction exemplified for the Swedish Iron-Ore line”. In: Vehicle System Dynamics 62.1 (2023),
pp. 3—20. ISSN: 17445159. DOI: 10.1080/00423114.2022.2161920.

Daniel C. Hendrickson and Mark K. Hinders. “Monitoring of Gantry Crane Track Health with
Commodity IOT Devices”. In: Journal of Infrastructure Systems 29.4 (Dec. 2023). ISSN: 1076-
0342. DOI: 10.1061/JITSE4 . ISENG-2292. URL: https://ascelibrary.org/doi/10.1061/
JITSE4.ISENG-2292.

Ligiang Hu and Guoyong Dai. “Estimate remaining useful life for predictive railways maintenance
based on LSTM autoencoder”. In: Neural Computing and Applications (2022). ISSN: 14333058.
DOI: 10.1007/s00521-021-06051-1.

Sakdirat Kaewunruen. “Monitoring of rail corrugation growth on sharp curves for track maintenance
prioritisation”. In: International Journal of Acoustics and Vibrations 23.1 (Mar. 2018), pp. 35—43.
ISSN: 10275851. DOI: 10.20855/ijav.2018.23.11078.

llias Kalathas and Michail Papoutsidakis. “Predictive maintenance using machine learning and
data mining: A pioneer method implemented to greek railways”. In: Designs 5.1 (Mar. 2021),
pp. 1-18. ISSN: 24119660. DOI: 10.3390/designs5010005.

llias Kalathas, Michail Papoutsidakis, and Chistos Drosos. “Optimization of the procedures for
checking the functionality of the Greek railways: Data mining and machine learning approach to
predict passenger train immobilization”. In: Advances in Science, Technology and Engineering
Systems 5.4 (July 2020), pp. 287-295. ISSN: 24156698. DOI: 10.25046/aj050435.

Arkadiusz Kampczyk and Katarzyna Rombalska. “Configuration of the Geometric State of Railway
Tracks in the Sustainability Development of Electrified Traction Systems”. In: Sensors 23.5 (Mar.
2023). ISSN: 14248220. DOI: 10.3390/s23052817.


https://doi.org/10.3390/su13126828
https://doi.org/10.3390/s20040962
https://doi.org/10.1016/j.engappai.2023.106303
https://doi.org/10.1016/j.autcon.2020.103486
https://doi.org/10.1016/j.measurement.2020.108858
https://doi.org/10.1016/j.sysarc.2022.102797
https://doi.org/10.1016/j.sysarc.2022.102797
https://doi.org/10.1080/00423114.2019.1662925
https://doi.org/10.1080/00423114.2019.1662925
https://doi.org/10.3390/s20123575
https://doi.org/10.3390/en14113206
https://doi.org/10.3390/en14040972
https://doi.org/10.1080/00423114.2022.2161920
https://doi.org/10.1061/JITSE4.ISENG-2292
https://ascelibrary.org/doi/10.1061/JITSE4.ISENG-2292
https://ascelibrary.org/doi/10.1061/JITSE4.ISENG-2292
https://doi.org/10.1007/s00521-021-06051-1
https://doi.org/10.20855/ijav.2018.23.11078
https://doi.org/10.3390/designs5010005
https://doi.org/10.25046/aj050435
https://doi.org/10.3390/s23052817

Secondary Bibliography 64

[50]

[51]

[52]

[53]

[54]

[59]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

[65]

[66]

Olfa Kanoun et al. IEEE Instrumentation & Measurement Magazine Sustainable Wireless Sensor
Networks for Railway Systems Powered by Energy Harvesting from Vibration. Tech. rep.

Gulsah Karaduman and Erhan Akin. “A New Approach Based on Predictive Maintenance Using
the Fuzzy Classifier in Pantograph-Catenary Systems”. In: IEEE Transactions on Intelligent
Transportation Systems 23.5 (May 2022), pp. 4236—4246. ISSN: 15580016. DOI: 10.1109/TITS.
2020.3042997.

Mehmet Karakose and Orhan Yaman. “Complex Fuzzy System Based Predictive Maintenance
Approach in Railways”. In: IEEE Transactions on Industrial Informatics 16.9 (Sept. 2020), pp. 6023—
6032. ISSN: 19410050. DOI: 10.1109/TII.2020.2973231.

Ahmad Kasraei and Jabbar Ali Zakeri. “Effective time interval for railway track geometry inspection”.
In: Archives of Transport 53.1 (Apr. 2020), pp. 53—65. ISSN: 23008830. DOI: 10.5604/01.3001.
0014.1744.

Hamid Khajehei et al. “Allocation of effective maintenance limit for railway track geometry”. In:
Structure and Infrastructure Engineering 15.12 (Dec. 2019), pp. 1597-1612. ISSN: 17448980.
DOI: 10.1080/15732479.2019.1629464.

Sergii Kliuiev et al. “INCREASING THE TRAFFIC SAFETY LEVEL OF ROLLING STOCK BY
WHEEL CONDITION MONITORING USING AN AUTOMATED MEASURING COMPLEX”. In:
Communications - Scientific Letters of the University of Zilina 26.3 (2024), B167-B174. ISSN:
25857878. DOI: 10.26552/com.C.2024.031.

Alexander Knight-Percival et al. “Mapping of the electromagnetic environment on the railway:
Condition monitoring of signalling assets”. In: Proceedings of the Institution of Mechanical Engi-
neers, Part F: Journal of Rail and Rapid Transit 234.3 (Mar. 2020), pp. 246—256. ISSN: 20413017.
DOI: 10.1177/0954409718802998.

Ravdeep Kour et al. “A review on cybersecurity in railways”. In: Proceedings of the Institution of
Mechanical Engineers, Part F: Journal of Rail and Rapid Transit 237.1 (Jan. 2023), pp. 3—20.
ISSN: 20413017. DOI: 10.1177/09544097221089389.

Josef Koutsoupakis, Dimitrios Giagopoulos, and Iraklis Chatziparasidis. “Al-based condition moni-
toring on mechanical systems using multibody dynamics models”. In: Engineering Applications of
Artificial Intelligence 123 (Aug. 2023). ISSN: 09521976. DOI: 10.1016/j .engappai.2023.106467.

Visakh V. Krishna et al. “Long freight trains & long-term rail surface damage—a systems per-
spective”. In: Vehicle System Dynamics 61.6 (2023), pp. 1500-1523. ISSN: 17445159. DOI:
10.1080/00423114.2022.2085584.

Visakh V. Krishna et al. “Long freight trains & long-term rail surface damage—a systems per-
spective”. In: Vehicle System Dynamics 61.6 (2023), pp. 1500-1523. ISSN: 17445159. DOI:
10.1080/00423114.2022.2085584.

Matgorzata Kuznar. “Damage Caused by Material Defects of Carbon Composites Used on
Various Types of Railway Pantographs”. In: Materials 16.5 (Mar. 2023). ISSN: 19961944. DOI:
10.3390/ma16051839.

Matgorzata Kuznar and Augustyn Lorenc. “A method of predicting wear and damage of pantograph
sliding strips based on artificial neural networks”. In: Materials 15.1 (Jan. 2022). ISSN: 19961944.
DOI: 10.3390/ma15010098.

Matgorzata Kuznar, Augustyn Lorenc, and Grzegorz Kaczor. “Pantograph sliding strips failure—re-
liability assessment and damage reduction method based on decision tree model”. In: Materials
14.19 (Oct. 2021). ISSN: 19961944. DOI: 10.3390/ma14195743.

Moussa Labbadi and Mohamed Cherkaoui. “Robust Adaptive Global Time-varying Sliding-mode
Control for Finite-time Tracker Design of Quadrotor Drone Subjected to Gaussian Random
Parametric Uncertainties and Disturbances”. In: International Journal of Control, Automation and
Systems 19.6 (June 2021), pp. 2213-2223. ISSN: 20054092. DOI: 10.1007/s12555-020-0329-5.

Hohyun Lee et al. “Fatigue life assessment of thermite welded rails based on laboratory tests
and field measurement data”. In: Case Studies in Construction Materials 21 (Dec. 2024). ISSN:
22145095. DOI: 10.1016/j.cscm.2024.e03713.

Jun S. Lee et al. “Estimation of crack width based on shape-sensitive kernels and semantic
segmentation”. In: Structural Control and Health Monitoring 27.4 (Apr. 2020). ISSN: 15452263.
DOIl: 10.1002/stc.2504.


https://doi.org/10.1109/TITS.2020.3042997
https://doi.org/10.1109/TITS.2020.3042997
https://doi.org/10.1109/TII.2020.2973231
https://doi.org/10.5604/01.3001.0014.1744
https://doi.org/10.5604/01.3001.0014.1744
https://doi.org/10.1080/15732479.2019.1629464
https://doi.org/10.26552/com.C.2024.031
https://doi.org/10.1177/0954409718802998
https://doi.org/10.1177/09544097221089389
https://doi.org/10.1016/j.engappai.2023.106467
https://doi.org/10.1080/00423114.2022.2085584
https://doi.org/10.1080/00423114.2022.2085584
https://doi.org/10.3390/ma16051839
https://doi.org/10.3390/ma15010098
https://doi.org/10.3390/ma14195743
https://doi.org/10.1007/s12555-020-0329-5
https://doi.org/10.1016/j.cscm.2024.e03713
https://doi.org/10.1002/stc.2504

Secondary Bibliography 65

[67]

[68]

[69]

[70]

[71]

[72]

[73]

[74]

[75]

[76]

[77]

[78]

[79]

[80]

[81]

[82]

[83]

Manuel Leite et al. “Reliability and availability assessment of railway locomotive bogies under
correlated failures”. In: Engineering Failure Analysis 135 (May 2022). ISSN: 13506307. DOI:
10.1016/j.engfailanal.2022.106104.

T. P. Leso et al. “EFFECTS OF SLIP RATIO ON WEAR PERFORMANCE OF CLASS B WHEEL
STEELS AGAINST SOFTER R260 RAIL STEELS USING THE TWIN DISC SETUP”. In: South
African Journal of Industrial Engineering 33.3 (Nov. 2022), pp. 290-298. ISSN: 22247890. DOI:
10.7166/33-3-2805.

Haixiang Lin et al. “Knowledge Graph Completion for High-Speed Railway Turnout Switch Machine
Maintenance Based on the Multi-Level KBGC Model”. In: Actuators 13.10 (Oct. 2024). ISSN:
20760825. DOI: 10.3390/act13100410.

Sheng Lin et al. “A preventive opportunistic maintenance method for railway traction power
supply system based on equipment reliability”. In: Railway Engineering Science 28.2 (June 2020),
pp. 199-211. ISSN: 26624753. DOI: 10.1007/s40534-020-00211-0.

Tianjiao Lin et al. “Advancing RUL prediction in mechanical systems: A hybrid deep learning
approach utilizing non-full lifecycle data”. In: Advanced Engineering Informatics 61 (Aug. 2024).
ISSN: 14740346. DOI: 10.1016/j.aei.2024.102524.

Jiang Liu et al. “Fault Prediction of On-Board Train Control Equipment Using a CGAN-Enhanced
XGBoost Method with Unbalanced Samples”. In: Machines 11.1 (Jan. 2023). ISSN: 20751702.
DOI: 10.3390/machines11010114.

Li Liu et al. “Remaining Useful Life Prediction for a Catenary, Utilizing Bayesian Optimization
of Stacking”. In: Electronics (Switzerland) 12.7 (Apr. 2023). ISSN: 20799292. DOI: 10.3390/
electronics12071744.

Shiyang Liu and Xuefu Zhang. “Fault Diagnosis and Maintenance Countermeasures of Transverse
Drainage Pipe in Subway Tunnel Based on Fault Tree Analysis”. In: International Journal of
Environmental Research and Public Health 19.23 (Dec. 2022). ISSN: 16604601. DOI: 10.3390/
ijerph192315471.

Zongchang Liu et al. Design of Cyber-Physical Systems Architecture for Prognostics and Health
Management of High-speed Railway Transportation Systems. Tech. rep. 2018, p. 14.

Markus Loidolt, Stefan Marschnig, and Armin Berghold. “Track geometry quality assessments
for turnouts”. In: Transportation Engineering 12 (June 2023). ISSN: 2666691X. DOI: 10.1016/j .
treng.2023.100170.

Markus Loidolt et al. “Quality Behaviour of Turnouts: Comparison, Problem Specification and
Recommendation of Measures”. In: Applied Sciences (Switzerland) 13.19 (Oct. 2023). ISSN:
20763417. DOI: 10.3390/app131910665.

Pedro Cesar Lopes Gerum, Ayca Altay, and Melike Baykal-Gursoy. “Data-driven predictive
maintenance scheduling policies for railways”. In: Transportation Research Part C: Emerging
Technologies 107 (Oct. 2019), pp. 137—154. ISSN: 0968090X. DOI: 10.1016/j.trc.2019.07.
020.

Hassna Louadah et al. “Supporting the Management of Rolling Stock Maintenance with an
Ontology-Based Virtual Depot”. In: Applied Sciences (Switzerland) 14.3 (Feb. 2024). ISSN:
20763417. DOI: 10.3390/app14031220.

Carlos Mafla-Yépez et al. “A Vibration Analysis for the Evaluation of Fuel Rail Pressure and Mass
Air Flow Sensors on a Diesel Engine: Strategies for Predictive Maintenance”. In: Sensors 24.5
(Mar. 2024). ISSN: 14248220. DOI: 10.3390/524051551.

I. A. Maiba, D. V. Glazunov, and A. M. Lyashchenko. “Calculating the Reliability of Rolling Stock
during Normal Operation”. In: Journal of Machinery Manufacture and Reliability 51.2 (Apr. 2022),
pp. 121-127. ISSN: 19349394. DOI; 10.3103/51052618822020091.

Stefan Marschnig et al. “Assessing Head Check Crack Growth by Eddy-Current Testing”. In:
Infrastructures 8.5 (May 2023). ISSN: 24123811. DOI: 10.3390/infrastructures8050089.

Pablo Garrido Martinez-Llop et al. “Condition-based maintenance for normal behaviour character-
isation of railway car-body acceleration applying neural networks”. In: Sustainability (Switzerland)
13.21 (Nov. 2021). ISSN: 20711050. DOI: 10.3390/su132112265.


https://doi.org/10.1016/j.engfailanal.2022.106104
https://doi.org/10.7166/33-3-2805
https://doi.org/10.3390/act13100410
https://doi.org/10.1007/s40534-020-00211-0
https://doi.org/10.1016/j.aei.2024.102524
https://doi.org/10.3390/machines11010114
https://doi.org/10.3390/electronics12071744
https://doi.org/10.3390/electronics12071744
https://doi.org/10.3390/ijerph192315471
https://doi.org/10.3390/ijerph192315471
https://doi.org/10.1016/j.treng.2023.100170
https://doi.org/10.1016/j.treng.2023.100170
https://doi.org/10.3390/app131910665
https://doi.org/10.1016/j.trc.2019.07.020
https://doi.org/10.1016/j.trc.2019.07.020
https://doi.org/10.3390/app14031220
https://doi.org/10.3390/s24051551
https://doi.org/10.3103/S1052618822020091
https://doi.org/10.3390/infrastructures8050089
https://doi.org/10.3390/su132112265

Secondary Bibliography 66

[84]

[85]

[86]

[87]

[88]

[89]

[90]

[91]

[92]

(93]

[94]

[99]

[96]

[97]

(98]

[99]

[100]

Tamas Maté and Péter T. Zwierczyk. “Comparison of Rail Head Checks Using Destructive and
Non-Destructive Examination Methods”. In: Journal of Failure Analysis and Prevention 22.5 (Oct.
2022), pp. 1898-1904. ISSN: 18641245. DOI: 10.1007/s11668-022-01475-w.

Tamas Maté and Péter T. Zwierczyk. “Comparison of Rail Head Checks Using Destructive and
Non-Destructive Examination Methods”. In: Journal of Failure Analysis and Prevention 22.5 (Oct.
2022), pp. 1898-1904. ISSN: 18641245. DOI: 10.1007/s11668-022-01475-w.

Jorge Meira et al. “Data-driven predictive maintenance framework for railway systems”. In: Intelli-
gent Data Analysis 27.4 (2023), pp. 1087—1102. ISSN: 15714128. DOI: 10.3233/IDA-226811.

loana Mihailescu et al. “Experimental Study of Wheel-to-Rail Interaction Using Acceleration
Sensors for Continuous Rail Transport Comfort Evaluation”. In: Sensors 23.19 (Oct. 2023). ISSN:
14248220. DOI: 10.3390/523198064.

Pritesh Mistry et al. “Using Event Data to Build Predictive Engine Failure Models”. In: Machines
11.7 (July 2023). ISSN: 20751702. DOI: 10.3390/machines11070704.

Stanistaw Miynarski et al. “A model of an adaptive strategy of preventive maintenance of complex
technical objects”. In: Eksploatacja i Niezawodnosc 22.1 (2020), pp. 35—41. ISSN: 15072711.
DOI: 10.17531/ein.2020.1.5.

Bernd Moritz et al. “Long-term monitoring of railway tunnels”. In: Geomechanik und Tunnelbau
14.1 (Feb. 2021), pp. 35-46. ISSN: 18657389. DOI: 10.1002/geot.202000049.

Mahsa Movaghar and Saeed Mohammadzadeh. “Bayesian Monte Carlo approach for developing
stochastic railway track degradation model using expert-based priors”. In: Structure and Infras-
tructure Engineering 18.2 (2022), pp. 145-166. ISSN: 17448980. DOI: 10.1080/15732479.2020.
1836001.

Reza Movahedifar et al. “Numerically simulating the interconnected nature of the road-soil-pipe
infrastructure”. In: Results in Engineering 23 (Sept. 2024). ISSN: 25901230. DOI: 10.1016/j .
rineng.2024.102537.

Kyung Min Na, Hosung Jung, and Young Park. “Life-Cycle Assessment of a Railway Electric
Power Feeding Cable for Replacement Planning: A Case Study of an Electric Railway in Korea”.
In: Journal of Electrical Engineering and Technology 16.4 (July 2021), pp. 2275-2280. ISSN:
20937423. DOI: 10.1007/s42835-021-00726-4.

Richard Nagy, Ferenc Horvat, and Szabolcs Fischer. “Innovative Approaches in Railway Man-
agement: Leveraging Big Data and Artificial Intelligence for Predictive Maintenance of Track
Geometry”. In: Tehnicki Vjesnik 31.4 (2024), pp. 1245-1259. ISSN: 18486339. DOI: 10.17559/TV-
20240420001479.

L. Nethamba and S. Grobbelaar. “THE DEVELOPMENT OF AN ACTION PRIORITY MATRIX AND
TECHNOLOGY ROADMAP FOR THE IMPLEMENTATION OF DATA-DRIVEN AND MACHINE-
LEARNING-BASED PREDICTIVE MAINTENANCE IN THE SOUTH AFRICAN RAILWAY INDUS-
TRY”. In: South African Journal of Industrial Engineering 34.3 (Nov. 2023), pp. 318-335. ISSN:
22247890. DOI: 10.7166/34-3-2958.

Minh Huong Le-Nguyen et al. “Exploring the potentials of online machine learning for predictive
maintenance: a case study in the railway industry”. In: Applied Intelligence 53.24 (Dec. 2023),
pp. 29758-29780. ISSN: 15737497. DOI: 10.1007/s10489-023-05092-4.

Altan Onat, Petr Voltr, and Michael Lata. “An unscented Kalman filter-based rolling radius estima-
tion methodology for railway vehicles with traction”. In: Proceedings of the Institution of Mechanical
Engineers, Part F: Journal of Rail and Rapid Transit 232.6 (July 2018), pp. 1686—1702. ISSN:
20413017. DOI: 10.1177/0954409717745201.

Sungho Park et al. “Development of Current Collection Test-Bed for Preventive Maintenance on
Metro Railway”. In: Journal of Electrical Engineering and Technology 19.3 (Mar. 2024), pp. 2001—
2008. ISSN: 20937423. DOI: 10.1007/s42835-023-01622-9.

Emanuele Pascale et al. “A weibull approach for enabling safety-oriented decision-making for
electronic railway signaling systems”. In: Safety 4.2 (2018). ISSN: 2313576X. DOI: 10.3390/
safety4020017.

Milan Paudel et al. “Vibration analysis of the third rail structure of a mass rapid transit system with
structural defects”. In: Applied Sciences (Switzerland) 11.18 (Sept. 2021). ISSN: 20763417. DOI:
10.3390/app11188410.


https://doi.org/10.1007/s11668-022-01475-w
https://doi.org/10.1007/s11668-022-01475-w
https://doi.org/10.3233/IDA-226811
https://doi.org/10.3390/s23198064
https://doi.org/10.3390/machines11070704
https://doi.org/10.17531/ein.2020.1.5
https://doi.org/10.1002/geot.202000049
https://doi.org/10.1080/15732479.2020.1836001
https://doi.org/10.1080/15732479.2020.1836001
https://doi.org/10.1016/j.rineng.2024.102537
https://doi.org/10.1016/j.rineng.2024.102537
https://doi.org/10.1007/s42835-021-00726-4
https://doi.org/10.17559/TV-20240420001479
https://doi.org/10.17559/TV-20240420001479
https://doi.org/10.7166/34-3-2958
https://doi.org/10.1007/s10489-023-05092-4
https://doi.org/10.1177/0954409717745201
https://doi.org/10.1007/s42835-023-01622-9
https://doi.org/10.3390/safety4020017
https://doi.org/10.3390/safety4020017
https://doi.org/10.3390/app11188410

Secondary Bibliography 67

[101]

[102]

[103]

[104]

[105]

[106]

[107]

[108]

[109]

[110]

[111]

[112]

[113]

[114]

[115]

[116]

[117]

[118]

Shahrzad M. Pour et al. “A constructive framework for the preventive signalling maintenance crew
scheduling problem in the Danish railway system”. In: Journal of the Operational Research Society
70.11 (Nov. 2019), pp. 1965-1982. ISSN: 14769360. DOI: 10.1080/01605682.2018.1507423.

Felix Prause et al. “Approximating rolling stock rotations with integrated predictive maintenance”.
In: Journal of Rail Transport Planning and Management 30 (June 2024). ISSN: 22109706. DOI:
10.1016/j.jrtpm.2024.100434.

O. E. Pudovikov, V. N. Tarasova, and V. V. Degtyareva. “Predictive Diagnostics of Rolling Stock
and the Industrial Internet of Things”. In: Russian Engineering Research 43.8 (Aug. 2023), pp. 987—
990. ISSN: 19348088. DOI: 10.3103/51068798X23080282.

Pedro Rodrigues and Paulo F. Teixeira. “Modelling degradation rates of track geometry local
defects: Lisbon-Porto line case study”. In: Structure and Infrastructure Engineering 20.6 (2024),
pp. 867—882. ISSN: 17448980. DOI: 10.1080/15732479.2022.2127793.

Borja Rodriguez-Arana et al. “Prediction of rolling contact fatigue behavior in rails using crack
initiation and growth models along with multibody simulations”. In: Applied Sciences (Switzerland)
11.3 (Feb. 2021), pp. 1-18. ISSN: 20763417. DOI: 10.3390/app11031026.

Pegah Rokhforoz and Olga Fink. “Hierarchical multi-agent predictive maintenance scheduling for
trains using price-based approach”. In: Computers and Industrial Engineering 159 (Sept. 2021).
ISSN: 03608352. DOI: 10.1016/j.cie.2021.107475.

Behzad Rouhanizadeh and Sharareh Kermanshachi. “Development of Strategies to Prevent Third
Rail Insulator Failures in Transit Systems”. In: Urban Rail Transit 7.1 (Mar. 2021), pp. 58-70.
ISSN: 21996679. DOI: 10.1007/s40864-021-00142-x.

Radhya Sahal et al. “Blockchain-empowered digital twins collaboration: Smart transportation use
case”. In: Machines 9.9 (Sept. 2021). ISSN: 20751702. DOI: 10.3390/machines9090193.

Jose A. Sainz-Aja et al. “Parametric analysis of railway infrastructure for improved performance
and lower life-cycle costs using machine learning techniques”. In: Advances in Engineering
Software 175 (Jan. 2023). ISSN: 18735339. DOI: 10.1016/j.advengsoft.2022.103357.

Juan de Dios Sanz Bobi et al. “Prediction of Degraded Infrastructure Conditions for Railway
Operation”. In: Sensors 24.8 (Apr. 2024). ISSN: 14248220. DOI: 10.3390/524082456.

Mahdieh Sedghi et al. “Data-driven maintenance planning and scheduling based on predicted
railway track condition”. In: Quality and Reliability Engineering International 38.7 (Nov. 2022),
pp. 3689—-3709. ISSN: 10991638. DOI: 10.1002/qre.3166.

Yljon Seferi et al. “A novel arc detection method for dc railway systems”. In: Energies 14.2 (Jan.
2021). ISSN: 19961073. DOI: 10.3390/en14020444.

Garima Sharma and Rajiv Nandan Rai. “Age Based Overhaul Policy for Multiple Repairable
Systems with Imperfect Maintenance: Case Study of Aero Engines”. In: International Journal
of Mathematical, Engineering and Management Sciences 6.1 (Jan. 2021), pp. 193-206. ISSN:
24557749. DOI: 10.33889/IJMEMS.2021.6.1.012.

Jiun Yan Shiau and Sze Tsung Wang. “Bogie Stability Control and Management Using Data
Driven Analysis Techniques for High-Speed Trains”. In: Applied Sciences (Switzerland) 12.5 (Mar.
2022). ISSN: 20763417. DOI: 10.3390/app12052389.

Jaeseok Shim, Jeongseo Koo, and Yongwoon Park. “A Methodology of Condition Monitoring
System Ultilizing Supervised and Semi-Supervised Learning in Railway”. In: Sensors 23.22 (Nov.
2023). ISSN: 14248220. DOI: 10.3390/s23229075.

Minoru Shimizu et al. “Real-Time Prognostics and Health Management Without Run-to-Failure
Data on Railway Assets”. In: IEEE Access 11 (2023), pp. 28724—-28734. ISSN: 21693536. DOI:
10.1109/ACCESS.2023.3259221.

Patricia Silva et al. “Indirect Assessment of Railway Infrastructure Anomalies Based on Passenger
Comfort Criteria”. In: Applied Sciences (Switzerland) 13.10 (May 2023). ISSN: 20763417. DOI:
10.3390/app13106150.

Jessada Sresakoolchai and Sakdirat Kaewunruen. “Railway infrastructure maintenance efficiency
improvement using deep reinforcement learning integrated with digital twin based on track ge-
ometry and component defects”. In: Scientific Reports 13.1 (Dec. 2023). ISSN: 20452322. DOI:
10.1038/s41598-023-29526-8.


https://doi.org/10.1080/01605682.2018.1507423
https://doi.org/10.1016/j.jrtpm.2024.100434
https://doi.org/10.3103/S1068798X23080282
https://doi.org/10.1080/15732479.2022.2127793
https://doi.org/10.3390/app11031026
https://doi.org/10.1016/j.cie.2021.107475
https://doi.org/10.1007/s40864-021-00142-x
https://doi.org/10.3390/machines9090193
https://doi.org/10.1016/j.advengsoft.2022.103357
https://doi.org/10.3390/s24082456
https://doi.org/10.1002/qre.3166
https://doi.org/10.3390/en14020444
https://doi.org/10.33889/IJMEMS.2021.6.1.012
https://doi.org/10.3390/app12052389
https://doi.org/10.3390/s23229075
https://doi.org/10.1109/ACCESS.2023.3259221
https://doi.org/10.3390/app13106150
https://doi.org/10.1038/s41598-023-29526-8

Secondary Bibliography 68

[119]

[120]

[121]

[122]

[123]

[124]

[125]

[126]

[127]

[128]

[129]

[130]

[131]

[132]

[133]

[134]

[135]

[136]

Jessada Sresakoolchai and Sakdirat Kaewunruen. “Track Geometry Prediction Using Three-
Dimensional Recurrent Neural Network-Based Models Cross-Functionally Co-Simulated with
BIM”. In: Sensors 23.1 (Jan. 2023). ISSN: 14248220. DOI: 10.3390/s23010391.

Andreas Stollwitzer, Lara Bettinelli, and Josef Fink. “The longitudinal track-bridge interaction of
ballasted track in railway bridges: Experimental determination of dynamic stiffness and damping
characteristics”. In: Engineering Structures 274 (Jan. 2023). ISSN: 18737323. DOI: 10.1016/j .
engstruct.2022.115115.

Ahmad Sugiana, Willy Anugrah Cahyadi, and Yasser Yusran. “Current-Signal-Based Fault Diag-
nosis of Railway Point Machines Using Machine Learning”. In: Applied Sciences (Switzerland)
14.1 (Jan. 2024). ISSN: 20763417. DOI: 10.3390/app14010267.

Haimeng Sun and Zhenpeng Lao. “Preventive Maintenance for Key Components of Metro Door
System Based on Improved Dung Beetle Optimizer Algorithm”. In: Journal of Failure Analysis and
Prevention 24.1 (Feb. 2024), pp. 424—435. ISSN: 18641245. DOI: 10.1007/s11668-023-01849-8.

Matteo Torzoni et al. “A digital twin framework for civil engineering structures”. In: Computer
Methods in Applied Mechanics and Engineering 418 (Jan. 2024). ISSN: 00457825. DOI: 10.1016/
j.cma.2023.116584.

Alexandre Trilla et al. “Integrated Multiple-Defect Detection and Evaluation of Rail Wheel Tread
Images using Convolutional Neural Networks”. In: International Journal of Prognostics and Health
Management 12.1 (Jan. 2021). ISSN: 21532648. DOI: 10.36001/IJPHM.2021.V12I1.2906.

Hitoshi Tsunashima. “Condition monitoring of railway tracks from car-body vibration using a
machine learning technique”. In: Applied Sciences (Switzerland) 9.13 (July 2019). ISSN: 20763417
DOI: 10.3390/APP9132734.

Hitoshi Tsunashima and Ryota Hirose. “Condition monitoring of railway track from car-body
vibration using time—frequency analysis”. In: Vehicle System Dynamics 60.4 (2022), pp. 1170—
1187. ISSN: 17445159. DOI: 10.1080/00423114.2020.1850808.

Cecilia Vale and Maria Lurdes Simdes. “Prediction of Railway Track Condition for Preventive Main-
tenance by Using a Data-Driven Approach”. In: Infrastructures 7.3 (Mar. 2022). ISSN: 24123811.
DOI: 10.3390/infrastructures7030034.

Jian Wang et al. “Data-driven lightning-related failure risk prediction of overhead contact lines
based on Bayesian network with spatiotemporal fragility model”. In: Reliability Engineering and
System Safety 231 (Mar. 2023). ISSN: 09518320. DOI: 10.1016/j.ress.2022.109016.

Qi Wang, Siqi Bu, and Zhengyou He. “Achieving Predictive and Proactive Maintenance for High-
Speed Railway Power Equipment with LSTM-RNN”. In: IEEE Transactions on Industrial Informatics
16.10 (Oct. 2020), pp. 6509-6517. ISSN: 19410050. DOI: 10.1109/TII.2020.2966033.

Hongbin Xu et al. “Identification of Shield Tunnel Segment Joint Opening Based on Annular Seam
Pressure Monitoring”. In: Sensors 24.12 (June 2024). ISSN: 14248220. DOI: 10.3390/524123924.

Ren Hong Xu, Yung Cheng Lai, and Kwei Long Huang. “Decision support models for annual
catenary maintenance task identification and assignment”. In: Transportation Research Part E:
Logistics and Transportation Review 152 (Aug. 2021). ISSN: 13665545. DOI: 10.1016/j.tre.
2021.102402.

Chunsheng Yang et al. “Article developing machine learning-based models for railway inspection”.
In: Applied Sciences (Switzerland) 11.1 (Jan. 2021), pp. 1-15. ISSN: 20763417. DOI: 10.3390/
app11010013.

Jia Yang et al. “Predictive Maintenance for Switch Machine Based on Digital Twins”. In: Information
(Switzerland) 12.11 (Nov. 2021). ISSN: 20782489. DOI: 10.3390/inf012110485.

Duo Ye et al. “Prediction of Key Parameters of Wheelset Based on LSTM Neural Network”. In:
Applied Sciences (Switzerland) 13.21 (Nov. 2023). ISSN: 20763417. DOI: 10.3390/app13211193
5.

Zhandong Yuan et al. “A Wasserstein generative adversarial network-based approach for real-
time track irregularity estimation using vehicle dynamic responses”. In: Vehicle System Dynamics
60.12 (2022), pp. 4186—4205. ISSN: 17445159. DOI: 10.1080/00423114.2021.1999480.

Federico Zanelli et al. “Development and Field Validation of Wireless Sensors for Railway Bridge
Modal Identification”. In: Applied Sciences (Switzerland) 13.6 (Mar. 2023). ISSN: 20763417. DOI:
10.3390/app13063620.


https://doi.org/10.3390/s23010391
https://doi.org/10.1016/j.engstruct.2022.115115
https://doi.org/10.1016/j.engstruct.2022.115115
https://doi.org/10.3390/app14010267
https://doi.org/10.1007/s11668-023-01849-8
https://doi.org/10.1016/j.cma.2023.116584
https://doi.org/10.1016/j.cma.2023.116584
https://doi.org/10.36001/IJPHM.2021.V12I1.2906
https://doi.org/10.3390/APP9132734
https://doi.org/10.1080/00423114.2020.1850808
https://doi.org/10.3390/infrastructures7030034
https://doi.org/10.1016/j.ress.2022.109016
https://doi.org/10.1109/TII.2020.2966033
https://doi.org/10.3390/s24123924
https://doi.org/10.1016/j.tre.2021.102402
https://doi.org/10.1016/j.tre.2021.102402
https://doi.org/10.3390/app11010013
https://doi.org/10.3390/app11010013
https://doi.org/10.3390/info12110485
https://doi.org/10.3390/app132111935
https://doi.org/10.3390/app132111935
https://doi.org/10.1080/00423114.2021.1999480
https://doi.org/10.3390/app13063620

Secondary Bibliography 69

[137] Federico Zanelli et al. “Energy Autonomous Wireless Sensor Nodes for Freight Train Braking
Systems Monitoring”. In: Sensors 22.5 (Mar. 2022). ISSN: 14248220. DOI: 10.3390/522051876.

[138] Cheng Zeng et al. “Deep Bayesian survival analysis of rail useful lifetime”. In: Engineering
Structures 295 (Nov. 2023). ISSN: 18737323. DOI: 10.1016/j.engstruct.2023.116822.

[139] Huixian Zhang et al. “Joint Maintenance Strategy Optimization for Railway Bogie Wheelset”. In:
Applied Sciences (Switzerland) 12.14 (July 2022). ISSN: 20763417. DOI: 10.3390/app12146934.

[140] Yunshui Zheng et al. “Prediction of the Remaining Useful Life of a Switch Machine, Based on
Multi-Source Data”. In: Sustainability (Switzerland) 14.21 (Nov. 2022). ISSN: 20711050. DOI:
10.3390/su142114517.

[141] Shaoze Zhou et al. “Multidimensional Edge Perception Model for Rail Vehicle Operational States
Based on Artificial Intelligence of Things”. In: IEEE Internet of Things Journal 11.18 (2024),
pp. 29728-29741. ISSN: 23274662. DOI: 10.1109/JI0T.2024.3405356.


https://doi.org/10.3390/s22051876
https://doi.org/10.1016/j.engstruct.2023.116822
https://doi.org/10.3390/app12146934
https://doi.org/10.3390/su142114517
https://doi.org/10.1109/JIOT.2024.3405356

Driving power analysis

B.1. Standard driving power plot

Driving power analysis is critical for identifying the most influential barriers to implementing Predictive
Maintenance (PdM) in the railway industry. By examining the extent to which each barrier impacts others
within the system, driving power analysis provides a structured understanding of which obstacles hold
the greatest potential to drive change if addressed effectively. Barriers with high driving power often
serve as root causes, influencing multiple dependent barriers. Addressing these high-impact barriers
can create cascading improvements, reducing the complexity of implementing PdM by simultaneously
mitigating related challenges.

For example, in Figure B.1, barriers like "economic viability” or "data standardization” emerge as key
drivers due to their foundational role in shaping the feasibility and scalability of PdM systems. Recognizing
their significance enables policymakers, operators, and other stakeholders to prioritize resources and
efforts strategically, focusing on resolving these root barriers to maximize impact.

Elbow Method for Optimal Cluster Selection
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Figure B.1: Elbow method identifying 3 cluster groups.

B.1.1. Using the elbow method to group barriers

The elbow method is a statistical technique used in clustering analysis to determine the optimal number
of groups or clusters within a dataset. In the context of driving power analysis, it can be applied to
group barriers based on their influence levels, helping to categorize them into distinct clusters such as
high-impact, moderate-impact, and low-impact barriers.

To apply the elbow method:

70



B.2. Fuzzy MICMAC plot after one multiplication and the importance of multiple multiplicatiof’d

1. Calculate Driving Powers: For each barrier, calculate its driving power as the sum of its direct
and indirect impacts on other barriers, as derived from the structural reachability matrix.

2. Run Clustering Analysis: Use a clustering algorithm (e.g., k-means) to assign each barrier to
a cluster based on its driving power score. Run this analysis iteratively for different numbers of
clusters (e.g., 2 to 10).

3. Determine Total Within-Cluster Variance (WCV): Measure the WCV for each clustering iteration.
Figure B.2 presents a plot of the WCV. WCV decreases as the number of clusters increases but
diminishes significantly after a certain point.

4. Identify the Elbow Point: Plot the WCV against the number of clusters. The "elbow point” is the
inflection point where adding more clusters results in minimal additional variance reduction. This
point indicates the optimal number of groups for classifying the barriers.

5. Interpret the Clusters: Based on the clustering results, categorize the barriers. For example,
barriers in the highest-driving-power cluster represent primary targets for strategic interventions.

By leveraging the elbow method, stakeholders can efficiently group barriers and focus on clusters
representing the most significant obstacles to PdM adoption, ensuring a systematic and impactful
approach to overcoming these challenges.

Cluster Analysis of ISM Barriers (Numbered with Jitter)
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Figure B.2: Standard driving power using the ISM method.

B.2. Fuzzy MICMAC plot after one multiplication and the importance

of multiple multiplications
The Fuzzy MICMAC plot after one multiplication provides an initial view of the distribution of barriers
based on their driving and dependence power. In this stage, each barrier’s influence and dependency
are calculated using the direct relationships derived from the reachability matrix. These values are
then normalized to create a two-dimensional scatter plot that categorizes barriers into four quadrants:
autonomous, dependent, linkage, and independent variables.

After the first multiplication, the plot reveals the barriers’ immediate or direct impacts as presented
in Figure B.3. For instance, barriers with high driving power but low dependence are placed in the
independent quadrant, identifying them as key drivers. Conversely, barriers with high dependence but
low driving power are categorized as dependent, reflecting their reliance on other factors for resolution.
The linkage and autonomous quadrants represent barriers with mixed or negligible influence patterns.

B.2.1. Importance of multiple multiplications

While the plot after one multiplication highlights the direct relationships among barriers, it does not
account for indirect or cascading influences that emerge over time. These indirect effects are crucial for
understanding the system’s complexity and effectively prioritizing interventions. Multiple multiplications
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of the reachability matrix allow the analysis to incorporate these secondary and tertiary relationships,
progressively refining each barrier’s driving and dependence powers.

As multiplications continue, the influence of higher-order interactions becomes apparent, and the positions
of barriers in the MICMAC plot stabilize. This iterative process helps identify systemic barriers that exert
significant indirect influence across the system and distinguishes them from localized challenges. For
example, a barrier like economic viability may initially appear moderately influential. Still, it could emerge
as a key driver after considering its cascading effects on other barriers, such as data standardization or
regulatory compliance.

Without multiple multiplications, the analysis risks oversimplifying the interdependencies, leading to
suboptimal prioritization of barriers. Therefore, iterative multiplications are essential for a comprehensive
understanding of the systemic dynamics that underpin the successful implementation of Predictive
Maintenance (PdM) in the railway industry.

MICMAC Analysis: Driving Power vs Dependency (Clustered Barriers)
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Figure B.3: Fuzzy MICMAC plot after single multiplication.
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Fuzzy MICMAC code

#!/usr/bin/env python3
# -x- coding: utf-8 -*-

Fuzzy MICMAC Analysis

nnn

import numpy as np
import matplotlib.pyplot as plt
from adjustText import adjust_text

# Define the barriers and data
barriers = [
"Scalability,of IoT Sensors", "DatagIntegrationgand, Standardization", "Model,
Interpretability",
"Real-Time Data_ Processing", "Organizational_and, Cultural_ Barriers", "Regulatoryy
Compliance",
"Economic,Viability", "DatagAvailability", "Business-Technical Alignment",
"DataOwnershipyand Privacy", "Infrastructure ,Complexity", "Skilled Workforce"

# Tally Matrix as a list of lists

tally_matrix = [
[v-v, 13, 9, 15, 7, 5, 11, 14, 8, 6, 10, 12],
[+, "-", 16, 18, 14, 13, 17, 20, 11, 19, 10, 71,
e, 16, "-", 13, 8, 5, 9, 15, 6, 7, 12, 14],
[15, 18, 13, "-", 7, 5, 11, 14, 8, 6, 10, 12],
(7, 14, 8, 7, "-", 13, 11, 12, 10, 9, 11, 8],
(s, 13, 5, 5, 13, "-", 17, 10, 10, 15, 6, 91,
[11, 10, 9, 11, 11, 17, "-", 12, 15, 8, 7, 9],
[14, 20, 15, 14, 12, 10, 12, "-", 16, 9, 10, 11],
[s, 11, 6, 8, 10, 15, 15, 16, "-", 14, 8, 101,
(6, 19, 7, 6, 9, 8, 7, 9, 14, "-", 11, 10],
[to0, 10, 12, 10, 11, 6, 7, 10, 8, 11, "-", 12],
(12, 7, 14, 12, 8, 9, 9, 11, 10, 10, 12, "-"]

literature_mentions = [22, 30, 27, 35, 19, 18, 18, 26, 15, 23, 20, 24]
individual_thresholds = [0.6 * mentions for mentions in literature_mentions]

# Step 1: Normalize tally_matrix to create fuzzy influence matrix
max_value = max([val for row in tally_matrix for val in row if val != "-"])
fuzzy_matrix = np.zeros((len(barriers), len(barriers)))

for i in range(len(barriers)):
for j in range(len(barriers)):
if i != j and tally_matrix[i][j] != "-":
if tally_matrix[i]l[j] >= individual_thresholds[i]: # Apply threshold
fuzzy_matrix[i][j] = tally_matrix[i][j] / max_value
else:
fuzzy_matrix[i][j] = 0 # Below threshold

# Add identity matrix (self-influence is assumed)
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fuzzy_matrix += np.identity(len(barriers))

# Max-Min Composition Function
def max_min_composition(matrixl, matrix2):

nwnn

Perform max-min composition of two matrices.
nnn
size = matrixl.shape [0]
result = np.zeros_like(matrixi)
for i in range(size):

for j in range(size):

result[i, j] = np.max(np.minimum(matrixi[i, :], matrix2[:, j1))

return result

# Step 2: Iterative max-min matrix multiplication to account for indirect influences
stabilized = False

indirect_matrix = fuzzy_matrix.copy()

max_iterations = 1000 # Set a limit for maximum iterations

for

iteration in range(max_iterations):
new_matrix = max_min_composition(indirect_matrix, fuzzy_matrix)

# Check for stabilization
if np.allclose(new_matrix, indirect_matrix, atol=1):

stabilized = True
break
indirect_matrix = new_matrix

if not stabilized:

print ("Warning: The matrix did not converge after maximum iterations.")

# Results
print (f"Converged,in, {iteration +,1} ,iterations.")

# Step 3: Calculate fuzzy driving power and fuzzy dependency
fuzzy_driving_power = indirect_matrix.sum(axis=1)
fuzzy_dependency = indirect_matrix.sum(axis=0)

# Step 4: Clustering and visualization
median_driving_power = np.median(fuzzy_driving_power)
median_dependency = np.median(fuzzy_dependency)

# Define cluster colors

cluster_colors = {
"Autonomous": "#B9BT7AT",
"Dependent": "#B5AA9D",
"Linkage": "#7C90A0",
"Independent": "#4E5166"
}

# Assign colors to barriers
colors = []
for i in range(len(barriers)):

if fuzzy_driving_power[i] < median_driving_power and fuzzy_dependencyl[i] <
median_dependency:
colors.append(cluster_colors["Autonomous"])

elif fuzzy_driving_power[i] < median_driving_power and fuzzy_dependency[i]l >=
median_dependency:
colors.append(cluster_colors["Dependent"])

elif fuzzy_driving_power[i] >= median_driving_power and fuzzy_dependency[i] >=
median_dependency:
colors.append(cluster_colors["Linkage"])

else:
colors.append(cluster_colors["Independent"])

# Plot Fuzzy MICMAC Clusters in 2D plot with numbered barriers and colored clusters
plt.figure(figsize=(12, 8)) # Increase the figure size
scatter = plt.scatter(fuzzy_driving_power, fuzzy_dependency, color=colors)

# Annotate each point with its barrier index, starting from 1
texts = []
for i in range(len(barriers)):
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texts.append (plt.text (fuzzy_driving_power[i], fuzzy_dependencyl[i], str(i + 1), ha='center'
, va='center', fontsize=18))

# Adjust text to avoid overlap
adjust_text (texts, arrowprops=dict(arrowstyle='->', color='gray', 1lw=0.5))

# Add quadrant dividers at the median driving power and dependency
plt.axhline (y=median_dependency, color='red', linestyle='--')
plt.axvline (x=median_driving_power, color='red', linestyle='--"')

# Labels and title with larger font size

plt.xlabel ('Fuzzy Driving Power', fontsize=18)

plt.ylabel ('Fuzzy Dependency', fontsize=18)

plt.title('Fuzzy MICMAC Analysis: Driving Power vs_ Dependency  (Clustered Barriers)', fontsize
=20)

plt.grid(True)

# Increase font size for tick numbers on both axes

plt.tick_params (axis='both', labelsize=16) # Increase font size for both x and y axis tick
numbers

# Custom legend for numbered barriers on the side, starting from 1

legend_labels = [f£"{i, +,1}: {barrier}" for i, barrier in enumerate(barriers)]

legend_text = "\n".join(legend_labels)

plt.figtext(1.02, 0.5, legend_text, ha="left", va="center", fontsize=18, bbox=dict(facecolor="
lightgrey", edgecolor="black", boxstyle="round,pad=0.5"))

# Cluster legend closer to the plot

for cluster, color in cluster_colors.items():
plt.scatter([], [], color=color, label=cluster)

plt.legend(title="Clusters", loc="upper,right", bbox_to_anchor=(1.15, 1), borderaxespad=0.2,
fontsize=18, title_fontsize=18)

plt.tight_layout (rect=[0, 0, 1.0, 1.0]) # Adjust layout to fit the legend on the side
plt.savefig('Fuzzy MICMAC2.pdf', bbox_inches='tight')
plt.show ()
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Cost-benefit analysis code

#!/usr/bin/env python3
# -x- coding: utf-8 -*-

nnn

Created on Thu Dec 5 11:36:51 2024

Qauthor: kietfoeken
nun

import numpy as np
import matplotlib.pyplot as plt

#h%

# Number of Monte Carlo simulations

num_simulations = 40000

timepath = 20 #years

inflation_rate = 0.03 # Assuming a 3% annual inflation rate
initial_cost_interval = 6 #lifetime sensors

# Constants

wagon = 80000

wheels_trainset = 4

years = 1 # for calculation costs per year
num_trains = wagon/40 # Number of trains
baseline_revenue = 4.177e9%1.03%%6/80000*wagon

def clip_negative(arr, min_value=0):
return np.clip(arr, a_min=min_value, a_max=None)

cost_per_treatment_pm = 2216 # Cost per treatment (mean=5000, std=200)

downtime_event_cost_pm = 10000 # average downtime event cost

PM_efficiency_gain = clip_negative(np.random.normal(loc=0.3, scale=0.03, size=num_simulations)
)

PM_efficiency_gain_m = clip_negative(np.random.normal(loc=0.5, scale=0.03, size=

num_simulations))
lifespan_with_PM = clip_negative(np.random.normal (loc=1440000, scale=100000, size=
num_simulations))

yearly _maintenance_cost_cyber = clip_negative(np.random.normal(loc=50000, scale=3000, size=
num_simulations)) # Existing cost of maintenance

cybersecurity_maintenance_cost = 10000 # Yearly cost for cybersecurity

maintenance_personnel_cost_cyber = 100000 # Yearly cost for maintenance personnel

downtime_saved_per_event = clip_negative(np.random.normal(loc=12, scale=2, size=
num_simulations)) # hours saved per downtime event

annual_accident_probability_pm = clip_negative(np.random.normal(loc=0.001, scale=0.001, size=
num_simulations))

false_positive_rate = clip_negative(np.random.normal(loc=0.05, scale=0.01, size=
num_simulations)) # Assuming a 5J% false positive rate with a small variation

customer_service_improvement = clip_negative(np.random.normal(loc=0.005, scale=0.005, size=

num_simulations))
lifespan_no_PM = 1200000
annual_accident_probability_no_pm = clip_negative(np.random.normal(loc=0.0252, scale=0.002,
size=num_simulations)) # 10% chance of an accident without predictive maintenance
downtime_event_cost_hour = 1667
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wheel_replacement_cost = 4000 # Cost of replacing a single wheel in Euros

yearly_mileage = 178500 # km per year

cargo_capacity_per_hour = 90.3 # tons of cargo transported per hour

revenue_per_ton = 16.5 # revenue in Euros per ton of cargo

downtime_time = 60 #hours needed for wheel treatment

cost_per_service = clip_negative(np.random.normal(loc=300, scale=100, size=num_simulations))#
average costs in euros of servicing/replacing a single sensor

service_interval = 5 #years

sensor_installation_cost = 100 #installation personnel cost per sensor

sensor_cost = 200 #manufacturing cost per sensor

education_cost = clip_negative(np.random.normal(loc=1000000, scale=100000, size=
num_simulations))#cost for reschooling one maintenance crews

crews = 1/2300 #one crew for every 20 wagon

backend_cost = 100 # cost per sensor per year for cloud services etc

analyst_cost = 100000 # cost per analyst. assume 1 analyst for every 5000 sensors

cost_per_accident = 940092 # Cost per accident in euros

efficiency_improvement = clip_negative(np.random.normal(loc=0.02,scale=0.02, size=

num_simulations))
energy_consumption_electricity = 2680191281
energy_consumption_other = 1742124333

annual_downtime_probability_nopm = clip_negative(np.random.normal(loc=0.297,scale=0.05, size=
num_simulations))

pre_inspection_cost = clip_negative(np.random.normal(loc=100,scale=10, size=num_simulations))

maintenance_interval = 115/30

PM_corrective_odds = clip_negative(np.random.normal(loc=0.07,scale=0.03, size=num_simulations)
)

NoPM_corrective_odds = clip_negative(np.random.normal(loc=0.15,scale=0.05, size=
num_simulations))

corrective_maintenance_price = 2000

PM_maintenance_labor = 70

NoPM_maintenance_labor =100

PM_placement_wheel = 140

NoPM_placement_wheel = 140

PM_maint_odds = 1

NoPM_maint_odds = clip_negative(np.random.normal(loc=0.4,scale=0.05, size=num_simulations))

#%% Wheel treatment costs

# Total material loss in 1 year for both scenarios

PM_pre_inspection = 0

NoPM_pre_inspection = pre_inspection_cost * maintenance_interval * num_trains

PM_corrective_maintenance = PM_corrective_odds * corrective_maintenance_price * num_trains
NoPM_corrective_maintenance = NoPM_corrective_odds * corrective_maintenance_price * num_trains

PMmaintenance = (PM_maintenance_labor+PM_placement_wheel) * PM_maint_odds * (1-
PM_efficiency_gain_m) * maintenance_interval * wheels_trainset * wagon

NoPMmaintenance = (NoPM_maintenance_labor+NoPM_placement_wheel) * NoPM_maint_odds *
maintenance_interval * wheels_trainset * wagon

# Define the costs of handling a false positive

false_positive_maintenance_cost = false_positive_rate * (PM_corrective_odds x*
corrective_maintenance_price * num_trains)
false_positive_downtime_cost = false_positive_rate * (downtime_event_cost_hour * downtime_time

* num_trains)

# Total cost for both scenarios

PM_treatment_cost_samples = PM_pre_inspection + PM_corrective_maintenance + PMmaintenance +
false_positive_maintenance_cost + false_positive_downtime_cost

No_PM_treatment_cost_samples = NoPM_pre_inspection + NoPM_corrective_maintenance +
NoPMmaintenance

#%% Downtime costs

# Calculate total downtime costs for both scenarios

annual_downtime_probability_pm = annual_downtime_probability_nopm * (1—PM_efficiency_gain)

PM_downtime_cost = annual_downtime_probability_pm * num_trains * downtime_event_cost_hour * (
downtime_time - downtime_saved_per_event)

No_PM_downtime_cost = annual_downtime_probability_nopm * num_trains * downtime_event_cost_hour
* downtime_time

#%7% Replacement costs
total_mileage = yearly_mileage

# Calculate the number of replacements over n years for both scenarios
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replacements_with_PM = total_mileage / lifespan_with_PM
replacements_without_PM = total_mileage / lifespan_no_PM

# Calculate total replacement costs for both scenarios over time

total_replacement_cost_with_PM = replacements_with_PM * wheel_replacement_cost * wagon *
wheels_trainset
total_replacement_cost_without_PM = replacements_without_PM * wheel_replacement_cost * wagon *

wheels_trainset

#%% Increased revenue PM with lower downtime
downtime_events_PM = annual_downtime_probability_pm
downtime_events_no_PM = annual_downtime_probability_nopm

# Calculate downtime caused by false positives
false_positive_downtime_hours = false_positive_rate * downtime_time

downtime_hours_saved = (downtime_events_no_PM - downtime_events_PM) * downtime_time +
downtime_saved_per_event * downtime_events_PM - false_positive_downtime_hours

# Calculate the additional tons of cargo transported due to saved downtime

additional_cargo_tons = downtime_hours_saved * cargo_capacity_per_hour * num_trains

# Calculate the additional revenue generated from transporting more cargo

additional_revenue_PM = additional_cargo_tons * revenue_per_ton

#%7% Costs cybersecurity

cyber_cost = (maintenance_personnel_cost_cyber + cybersecurity_maintenance_cost)

#%7% Sensor maintenance -> assuming 1 sensor per wheelset

service_cost = cost_per_service * wagon * wheels_trainset / service_interval
backend_cost = (backend_cost + analyst_cost/5000) * wagon * wheels_trainset / 2
maintenance_cost = service_cost + backend_cost

#%7% Implementation cost
crew_cost = education_cost * crews * wagon

installation_cost = (sensor_installation_cost + sensor_cost) * wagon * wheels_trainset / 2 #
total installation cost of sensors on fleet

implementation_cost = crew_cost + installation_cost

#%% Accident risk reduction
# Calculate the expected annual cost of accidents without predictive maintenance (no_pm)
expected_cost_no_pm = annual_accident_probability_no_pm * cost_per_accident * num_trains

# Calculate the expected annual cost of accidents with predictive maintenance (pm)
expected_cost_pm = annual_accident_probability_pm * cost_per_accident * num_trains

#%% Improved efficiency
energy_cost = energy_consumption_electricity/80000% wagon + energy_consumption_other/80000%
wagon

# Calculate the reduced energy consumption per train due to efficiency improvement
reduced_energy_consumption = energy_cost * (efficiency_improvement)
saved_energy = reduced_energy_consumption

#%% customer satisfaction
# Calculate the additional revenue due to higher service standards
additional_revenue_service_improvement = baseline_revenue * customer_service_improvement

#%% yearly cost

yearly_cost_samples_pm = PM_treatment_cost_samples + PM_downtime_cost +
total_replacement_cost_with_PM - additional_revenue_PM + cyber_cost + maintenance_cost +
expected_cost_pm - saved_energy - additional_revenue_service_improvement

yearly_cost_samples_no_pm = No_PM_treatment_cost_samples + No_PM_downtime_cost +
total_replacement_cost_without_PM + expected_cost_no_pm

#%% Initial costs
initial_cost = implementation_cost

#%% total cost PM

initial_development_costs = 0

inflation_factors = (1 + inflation_rate) ** np.arange(timepath)
discount_rate = 0.0739

discount_factors = (1 / (1 + discount_rate)) ** np.arange(timepath)
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def total_cost_pm(yearly_cost_samples_pm,initial_cost,initial_development_cost):
yearly_costs_matrix_pm = np.random.choice(yearly_cost_samples_pm, (num_simulations,
timepath))
inflation_adjusted_costs_pm = yearly_costs_matrix_pm * inflation_factors
recurring_cost_matrix = np.zeros((num_simulations, timepath))

# Apply inflation and discounting
inflation_adjusted_costs_pm = yearly_costs_matrix_pm * inflation_factors
recurring_cost_matrix = np.zeros((num_simulations, timepath))

for i in range(initial_cost_interval - 1, timepath, initial_cost_interval):
recurring_cost_matrix[:, i] = initial_cost * inflation_factors[i]

# Calculate the total cost matrix

total_cost_matrix = inflation_adjusted_costs_pm + recurring_cost_matrix

# Discount initial development cost

cumulative_cost_matrix_pm_initial = np.zeros((total_cost_matrix.shape[0], timepath + 1))

cumulative_cost_matrix_pm_initial[:, O] += initial_development_cost / discount_factors[19]
+ initial_cost

cumulative_cost_matrix_pm_initial[:, 1:] = total_cost_matrix

cumulative_cost_matrix_pm = np.cumsum(cumulative_cost_matrix_pm_initial, axis=1)

return cumulative_cost_matrix_pm
#%% total cost noPM

def total_cost_no_pm(yearly_cost_samples_no_pm):
yearly_costs_matrix_no_pm = np.random.choice(yearly_cost_samples_no_pm, (num_simulations,
timepath))
inflation_adjusted_costs_no_pm = yearly_costs_matrix_no_pm * inflation_factors

cumulative_cost_matrix_no_pm_initial = np.zeros((inflation_adjusted_costs_no_pm.shape[0],
timepath + 1))

cumulative_cost_matrix_no_pm_initial[:, 0] += 0

cumulative_cost_matrix_no_pm_initiall[:, 1:] = inflation_adjusted_costs_no_pm

cumulative_cost_matrix_no_pm = np.cumsum(cumulative_cost_matrix_no_pm_initial, axis=1)

return cumulative_cost_matrix_no_pm

#%% analytics

cumulative_cost_matrix_pm_initial = total_cost_pm(yearly_cost_samples_pm,initial_cost,
initial_development_costs)

total_cost_pm_20_years = cumulative_cost_matrix_pm_initiall[:, 20]

cumulative_cost_matrix_no_pm_initial = total_cost_no_pm(yearly_cost_samples_no_pm)
total_cost_no_pm_20_years = cumulative_cost_matrix_no_pm_initiall[:, 20]

probability_pm_higher = np.mean(total_cost_pm_20_years > total_cost_no_pm_20_years)

print (f"Probability,thatcost,with ,PdM,is higher than,cost without ,PdM after 20, ,years: {
probability_pm_higher:.4f}")

development_costs = np.linspace(0.4e9, 0.16e10, 100)
probabilities = []

for dev_cost in development_costs:
costs_pm = total_cost_pm(yearly_cost_samples_pm,initial_cost,dev_cost)
costs_no_pm = total_cost_no_pm(yearly_cost_samples_no_pm)
probabilities.append(np.mean(costs_pm[:, 20] > costs_no_pm[:, 20]))

# Plot the results

plt.figure(figsize=(10, 6))

plt.plot(development_costs, probabilities, label='Probability PdM_ more expensive', color='#4
E5166')

plt.xlabel('Initial Development Cost for PdM_ €()', fontsize=18)

plt.ylabel ('Probability PdM,,is more ,expensive', fontsize=18)

plt.title('Probability of ,PdM being more expensive,vs Initial Development Cost', fontsize=18)

plt.xticks (fontsize=16)

plt.yticks(fontsize=16)

plt.grid(True)

plt.legend(fontsize=18)

plt.savefig('CBA-developmentcost.pdf')

plt.show()
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#%% visualization
n_years = cumulative_cost_matrix_pm_initial.shape[1]

# Initialize arrays to store the mean, lower bound, and upper bound for each year
mean_pm = np.zeros(n_years)

lower_bound_pm = np.zeros(n_years)

upper_bound_pm = np.zeros(n_years)

mean_no_pm = np.zeros(n_years)
lower_bound_no_pm = np.zeros(n_years)
upper_bound_no_pm = np.zeros(n_years)

# Compute statistics for each year
for year in range(n_years):

mean_pm[year] = np.mean(cumulative_cost_matrix_pm_initiall[:, year])

lower_bound_pm[year] = np.percentile(cumulative_cost_matrix_pm_initial[:, year], 5) # 5th
percentile

upper_bound_pm[year] = np.percentile(cumulative_cost_matrix_pm_initiall[:, year], 95) # 95

th percentile

mean_no_pm[year] = np.mean(cumulative_cost_matrix_no_pm_initiall[:, year])

lower_bound_no_pm[year] = np.percentile(cumulative_cost_matrix_no_pm_initial[:, year], 5)
# 5th percentile

upper_bound_no_pm[year] = np.percentile(cumulative_cost_matrix_no_pm_initial[:, year], 95)

# 95th percentile
years = np.arange(0, n_years) # Year indices (1 to n_years)

# Plotting PM costs

plt.figure(figsize=(12, 6))

plt.plot(years, mean_pm, label='Mean PdM ,Cost', color='#4E5166"')

plt.fill_between(years, lower_bound_pm, upper_bound_pm, color='#4E5166', alpha=0.2, label='PdM
LCost ,5th-95th Percentile')

# Plotting No PM costs

plt.plot(years, mean_no_pm, label='Mean no,PdM Cost', color='#B9BT7A7')

plt.fill_between(years, lower_bound_no_pm, upper_bound_no_pm, color='#B9B7A7', alpha=0.2,
label='No PdM, ,Cost 5th-95th Percentile')

# Formatting the plot
plt.title('CumulativeCosts with,and without PdM ,0ver Time', fontsize=18)
plt.xlabel('Year', fontsize=18)

plt.ylabel ('Cumulative Cost €()', fontsize=18)

plt.legend(fontsize=16)

plt.xticks(years, fontsize=16)

plt.grid(True)

plt.yticks (fontsize=16) # Show each year on the x-axis
plt.savefig('CBA.pdf"')

plt.show()



Cost-benefit analysis variable list

Table E.1: Overview of variables, their values/distributions, and references

Variable Value/Distribution References
Canalyst ~ N (u = 100000, o = 10000) internal
Chackend ~ N(u = 100,0 = 50) internal
Clargo_capacity ~ N(p=90.3,0 = 10) [17]

Cem ~ N(p = 2000, 0 = 200) [12]
Cleybersecurity, maintenance ~ N(pu = 10000,0 = 1000) internal
Capm ~ N(p = 10,000, 0 = 1,000) [12]
Cdowntime_event ~ N(pu=1667,0 = 100) [40]
Ceducation ~ N(p = 100000, 0 = 10000) estimate
Chnaintenance, personnel, cyber ~ N (u = 100000, o = 10000) internal
Cher_accident ~ N(u = 940092, ¢ = 100000) [32]
Cher_service ~ N(p = 300,0 = 30) estimate
Cpi ~ N(u =100,0 = 10) [12]
Csensor, installation ~ N(u=100,0 = 10) internal
Csensor ~ N(u=200,0 = 20) internal
Clom ~ N(p = 2216, 0 = 500) [12]
Cwm, labor no-PM ~ N(p = 100,0 = 10) internal
Cwm, labor PM ~ N(u =100,0 = 10) internal
CsSl ~ N(p = 0.005,0 = 0.001) estimate
Afmaintenance ~ N(p = 100,0 = 10) estimate
Anpy ~ N(u=0.3,0 =0.03) [44]
ATy ~ N(u=3.8,0=0.3) [12]
dyear ~ N(p = 178500, ¢ = 10000) [46]
FEconsumption, electricity ~ N(p = 33502, 0 = 3000) [17]

Continued on next page
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Variable Value/Distribution References
Econsumption, other ~ N(p = 21776,0 = 2000) [17]
Lno-pMm ~ N(p = 1200000, o = 100000) [46]

Lpm ~ N(p = 1440000, c = 100000) [46, 44]
Norews ~ N(u=1/2300,0 = 1/20000) [19]
Nirains 2000 [17]
Nwheels 4 per wagon [56]
Paccident, no-PM ~ N(p=0.0252,0 = 0.001) [38]
Paccident, PM ~ N(pu=0.001,0 = 0.001) [38]

Pz, no-PM ~ N(p=0.15,0 = 0.05) [12]

P, pm ~ N(p=0.07,0 = 0.03) [12]
Piowntime, no-PM ~ N(p=0.297,0 = 0.05) [12]
Praise_positive ~ N(p=0.05,0 =0.01) estimate
Praintenance, no-PM ~ N(p = 100,0 = 10) internal
Praintenance, PM ~ N(u =100,0 = 10) internal
Rpaseline 63000 [17]
Rrevenue_per_ton ~ N(p=16.5,0 =2) [17, 46]
Sinterval ~ N(u=50=0.5) internal
Tyowntime ~ N(pu = 60,0 = 40) [40]
Tdowntime_saved ~N(p=12,0 =2) estimate
TFE,n, ~ N(u=4.49,0 =0.5) [12]
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Table E.2: Overview of variables, their values/distributions, references, and descriptions

Variable Value/Distribution References Description

Canalyst 100000 internal Cost of hiring an analyst to
process and interpret sensor
data.

Chackend 100 internal Backend maintenance costs
for systems supporting predic-
tive maintenance.

Ceargo_capacity 90.3 [17] Cargo capacity transported
per hour per train.

Cem 2000 [12] Cost per corrective mainte-
nance event.

Ceybersecurity, maintenance 10000 internal Costs associated with
maintaining  cybersecurity
systems.

Capm 10, 000 [12] Cost per downtime event.

Cdowntime_event 1667 [40] Cost incurred per hour of
downtime.

Ceducation ~ N(u = 100000, 0 = 10000) estimate Education costs for training
crews on predictive mainte-
nance technologies.

Chmaintenance, personnel, cyber | 100000 internal Cost for personnel specifi-
cally involved in cybersecurity
maintenance.

Cher_accident 940092 [32] Average cost incurred per ac-
cident.

Cher_service ~ N(u = 300,0 = 100) estimate Cost of servicing each sensor.

Chp,wheel 140 [12] Cost for placement wheel.

Csensor, installation 100 internal Labor cost associated with
sensor installation.

Clsensor 200 internal Cost of each individual sen-
sor.

Ctom 2216 [12] Cost per treatment under pre-
dictive maintenance.

C'wm, 1abor no-PM 100 internal Labor costs for wheel mainte-
nance under traditional main-
tenance.

Clwm, 1abor PM 70 internal Labor costs for wheel mainte-
nance under predictive main-
tenance.

Cur 4000 [12] Replacement costs per
wheel.

Csli ~ N(p = 0.005,0 = 0.001) estimate Customer service improve-

ment factor, proportional to
revenue increase.

Continued on next page
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Variable Value/Distribution References Description

ATmaintenance ~ N(u=100,0 = 10) estimate Efficiency improvement in
maintenance activities.

Anpy ~ N(u=0.3,0 =0.03) [44] Efficiency improvement from
predictive maintenance.

ATy 3.8 [12] Average maintenance interval
in years.

dyear 178500 [46] Total yearly mileage of the
fleet.

Econsumption, electricity 33502 [1 7] Energy consumption cost
(electricity) per wagon.

Econsumption, other 21776 [17] Energy consumption cost
(other sources, e.g., fuel) per
wagon.

Lno-pm 1200000 [46] Lifespan of wheels under tra-
ditional maintenance (in km).

Lpwm ~ N(u = 1440000,0 = [46, 44] Lifespan of wheels under pre-

100000) dictive maintenance (in km).

Tcrews 1/2300 [19] Number of maintenance
crews required per wagon.

Titrains 2000 [17] Total number of trains in the
fleet.

Thwheels 4 per wagon [56] Number of wheels per wagon.

Paccident, no-PM ~ N(p =0.0252,0 = 0.001) [38] Probability of an accident un-
der traditional maintenance.

Phaccident, PM ~ N(p=0.001,0 =0.001) [38] Probability of an accident un-
der predictive maintenance.

P, no-Pm ~ N(p=0.15,0 = 0.05) [12] Probability of corrective main-
tenance under traditional
maintenance.

P pm ~ N(p=0.07,0 =0.03) [12] Probability of corrective
maintenance under predictive
maintenance.

Pyowntime, no-PM ~ N(p=0.297,0 = 0.05) [12] Probability of downtime under
traditional maintenance.

Praise_positive ~ N(p=0.05,0 =0.01) estimate Probability of false-positive
maintenance events under
predictive maintenance.

Praintenance, no-PM ~ N(p=100,0 = 10) internal Maintenance probability un-
der traditional maintenance.

Praintenance, PM ~ N(p=100,0 = 10) internal Maintenance probability un-
der predictive maintenance.

Rpaseline 63000 [17] Baseline revenue per wagon

per year.

Continued on next page
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Variable Value/Distribution References Description

Rrevenue_per ton 16.5 [17, 46] Revenue generated per ton of
cargo transported.

Sinterval 5 internal Service interval for sensor
maintenance (in years).

Tdowntime 60 [40] Duration of downtime per
event.

Tdowntime_saved ~N(p=12,0 =2) estimate Downtime saved per event

with predictive maintenance.
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