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Abstract

The rapid advancement of artificial intelligence (Al) and deep learning technologies offers significant
opportunities to enhance predictive maintenance strategies within the rail infrastructure sector. This paper
explores the integration of Al-driven methodologies to forecast maintenance needs, thereby improving safety
and minimizing operational downtime. We present a comprehensive framework that utilizes machine learning
algorithms to analyze large datasets from sensors, historical maintenance records, and operational metrics. By
identifying patterns and predicting potential failures before they occur, our approach not only optimizes
maintenance schedules but also extends the lifespan of rail assets. Case studies demonstrate the efficacy of these
techniques in real-world scenarios, highlighting reduced costs, enhanced safety measures, and improved service
reliability. The findings underscore the transformative potential of leveraging Al and deep learning in
revolutionizing rail infrastructure management, paving the way for smarter, more resilient rail systems.

Keywords: Predictive Maintenance, Deep Learning, Rail Infrastructure, Al Algorithms, Safety Enhancement,
Downtime Reduction, Condition Monitoring, Data Analytics, Fault Prediction, Asset Management.

1. Introduction

Rail infrastructure is critical to the efficient
movement of goods and people worldwide.
However, wear and tear from excessive use leaves
rail exposed to the elements, causing it to degrade
gradually. Consequently, regular inspection and
monitoring are essential parts of any rail operation
to eliminate the risk of accidental derailment. This
inspection, combined with necessary maintenance,
can be costly both in terms of time and resources;
maintenance of rail infrastructure not only avoids
additional operational downtime but ultimately
protects passenger and cargo safety worldwide.
Although maintenance frameworks have been well
developed and practiced for centuries, the digital

age allows for new methods to be developed and
seamlessly integrated into these long-standing
systems.

This research paper explores the implementation of
several Al and deep learning methodologies, further
categorized into supervised and unsupervised
learning, in the domain of predictive maintenance of
rail infrastructure. We illustrate the power of such
methods in generating invaluable insights for
accurate predictive maintenance that protects
against human error and reduces operational
downtime in the long term. It is argued that the
direct output of these methodologies can support the
future development of automated rail track
infrastructure inspections, which will lower human-
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induced inspection errors as well as operational
costs. While the above-mentioned predictive
maintenance methods are researched and discussed
in rail infrastructure, it is important to note that the
fundamental principles and results may also apply
to alternative infrastructure such as roads and
waterways — a future area of focus.

Fig 1: Revolutionizing Railways with Al:
Predictive Analysis

1.1. Background and Significance

Rail infrastructure maintenance is critical for
ensuring operational safety and avoiding equipment
breakdowns, which increases costs associated with
maintenance activities and disruptions. Maintenance
scheduling for rail infrastructure can broadly be
divided into periodic and continuous. Traditionally,
the former has been quite popular in rail
maintenance practices; however, it has inherent
limitations of not being too predictive about the
degradation in rail infrastructure, often resulting in
insufficient safety of rail operational networks
and/or large-scale damage to the track assets due to
excessive waiting for replacements.

The global transportation needs are increasing
rapidly, which has resulted in a growing demand for
operations that are not only efficient but also
reliable. As such, the rail industry is shifting from
reactive to preventive maintenance as a strategic
paradigm. Global trends that align with the need for
maintenance monitoring for infrastructure include
the oncoming era of automation and connected
digital ecosystems. With the world transitioning to
Industry 4.0, systems and devices are capable of
exchanging information at speeds unseen

previously. One of the industry-agnostic outcomes
of these technological advancements is enhanced
safety measures. The key benefit of recent
advancements such as artificial intelligence is the
ability to think ahead or anticipate at the very least.
When we can preempt, we can plan and maintain a
safer operating environment. The greater the degree
of analytical insight the management has at their
disposal, the less likely they are to follow knee-jerk
reactions against downtime when an incident
occurs. By having information that is constantly
refreshed and accessed anywhere at any time,
maintenance strategies contribute to an efficient
operational environment. The reallocation of capital
costs in infrastructure also contributes to satisfying
short-term financial objectives for the company.
Preventive maintenance is thus the strategy that
allows for maintaining the balance between the
sometimes conflicting objectives of meeting safety
and managing costs.

1.2. Research Aim and Objectives

Rail systems in different countries or continents. By
doing so, this study aims to combine the
requirements or expectations of these constituents
with academic research per research questions that
will be answered in the next chapters.

The ultimate aim of this study is to evaluate the
effectiveness of using artificial intelligence and
deep learning approaches in helping predictive
maintenance strategies for rail infrastructure with
the expectation of reducing rail infrastructure
downtime significantly. The specific objectives are
as follows:

1. To identify key artificial intelligence
technologies and deep learning approaches or
algorithms in the context of predictive maintenance
for rail infrastructure. Related to this, the study will
collect the requirements from the industry to select
Al and deep learning for the predictions of rail
health status, condition, and potential defects in
future work. 2. To assess the potential application of
artificial intelligence and deep learning products
within the railway environment for predictive
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maintenance, including the types of rail
infrastructure where the Al would work best. 3. To
use literature to help determine the potential
benefits in the short, medium, and long term of
using Al while presenting the state-of-the-art
review. This will include case studies and will
critically evaluate the weaknesses and strengths to
predict the health status of rail infrastructure
condition monitoring systems based on Al and deep
learning.

The study aims to present the enhanced methods
used within rail infrastructure that allow the
prediction of the health status of rail systems, which
improves maintenance activities and hence is
desirable to both operators and customers.
Contributions that are both theoretical and
conceptual contributions of this study include the
following:

- Introducing academic researchers and industry
workers within the context of outlook in rail
infrastructure and the most advanced predictive
maintenance methods concerning Al and deep
learning approaches. - Critically analyzing areas
where asset management can benefit from this
integrated approach. The purpose of this knowledge
review is to match the expectations of what can be
potentially gained from predictive approaches of Al
and deep learning innovation within permanent
infrastructure. This will be achieved by evaluating
current literature with future work trends and
mapping the critical path for research agendas.
Together with this, the study will consider related
materials with technical advancements and
innovations in Al, big data, machine learning, and
other innovative disciplines that relate to the rail
infrastructure environment. Methodologically, the
study offers three main research questions to be
answered to match this predictive asset management
strategy requirement with the industry.

Equ 1: Mean Downtime (MDT)

Mean Downtime _ TOTAL DOWNTIME

NUMBER OF DOWNTIME EVENTS

2. Al and Deep Learning in Rail Infrastructure
Maintenance

Al is the theory and development of computer
systems able to perform tasks that normally require
human intelligence, such as visual perception,
speech  recognition,  decision-making,  and
translation between languages. Deep learning is a
subset of Al and machine learning that uses multi-
layered artificial neural networks to deliver state-of-
the-art accuracy in tasks such as object detection,
speech recognition, language translation, and others.
These systems are based on the concept of the
human brain and neurons. The structure of a simple
neural network can be seen, where input layers
represent the original data. In the case of predictive
maintenance, this can be the historical condition
monitoring data provided by the railway
infrastructure. Then these inputs are weighted and
added up with a bias.

Their sum is then passed through an activation
function to determine the output. The architecture of
a neural network is defined by the flow of
information  between its connected adaptive
processing nodes, where information is processed in
a distributed manner and parallel. Each processing
node has its associated weight and manipulates
information from the adjacent neurons to generate
an output that is typically non-linear. These
characteristics are expressed and automatically
learned in an optimization process based on training
data, and computational capabilities make Al and
deep learning systems suitable for predictive
maintenance. More specifically, apart from
automating the maintenance process, these are
capable of providing a model that can learn the
characteristics of the railway infrastructure in terms
of relative age, economic scenario, and regulation,
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which then help to monitor its behavior, forecast
any necessary maintenance in the future, and further
provide insights and explain which variables played
a relevant role in the generated prediction. Neural
networks can be trained to represent any
mathematical function, no matter how complex.

Railway networks throughout the world are
expected to be maintained efficiently and
effectively. Thanks to technological developments,
it is currently strongly believed that section-based
systems are ready to transition from periodic
predictive maintenance to better protective
maintenance, thus armed with the capabilities of
controlling residual risks with a minimum impact
on daily operations. This transformation is thanks,
in part, to technological advancements. However,
very few papers employ technology like Al or deep
learning, which could make a significant impact on
the automation of maintenance prediction and could
cope with the levels of complexity of some system
components in comparison with current methods
used in the chronological phases of the railway
infrastructure managers' process scheme. As of
now, there is a strong wind of change within the
predictive railway maintenance of infrastructure.
This beneficial change is characterized by a shift
from periodically conducting maintenance on all
infrastructures at a given time, whether or not it is
considered necessary, to setting aside components
deemed unworthy of the traffic loads they bear.
What this means is that periodical maintenance is
changed to proceeding with weight-classified
maintenance, otherwise known as a protective
maintenance strategy.The evolving landscape of
railway infrastructure maintenance is witnessing a
transformative shift from traditional periodic
maintenance to a more targeted, protective
maintenance strategy, driven by advancements in
Al and deep learning technologies. This approach
emphasizes the use of data-driven insights to
prioritize maintenance efforts based on the specific
conditions and demands placed on various
components, rather than adhering to a fixed
schedule. By leveraging sophisticated neural

networks to analyze historical condition monitoring
data, railway managers can identify and predict
potential failures with greater accuracy, ensuring
that resources are allocated efficiently. This
transition not only enhances operational efficiency
but also mitigates risks associated with
infrastructure deterioration, allowing for a more
nuanced understanding of the interplay between the
railway system's age, economic factors, and
regulatory requirements. Ultimately, this shift aims
to optimize maintenance practices, ensuring that
only those components at risk are addressed,
thereby minimizing disruption to daily operations
and improving overall safety and reliability.

Fig : The history of Al participation in
construction studies

2.1. Overview of Al and Deep Learning
Technologies

In this section, we discuss different technologies in
the field of artificial intelligence (Al) and deep
learning that are relevant to the predictive
maintenance of rail infrastructure. Essentially, Al
and deep learning applications can predict the
remaining life of subcomponents and card edges for
maintaining the rail networks in a safe state with
minimum permitted shutdown of the rail system.
Their basic drivers use predictive analytics,
specifically data-driven models. The data that is
processed is through various algorithms that can
predict the outcome of any series of subsystems,
namely either their safety or other health issues, if
these can be used safely or not up to their end-of-
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life cycle. These data-driven models would predict
the mean time between failures and the meantime to
the next failure, the overall failure of the cards and
their sub-components, and the end-of-life of the
cards.

The models may be implemented using either
supervised learning or unsupervised learning
techniques that may be further analyzed and even
implemented  with  reinforcement  learning
algorithms. The algorithms are supervised deep
recurrent neural networks, and convolutional neural
networks, using, for example, the inception models
along with the long short-term memory model and
the deep autoencoders. The machine learning
analysis system uses various dictionaries; the
machine parameters are deeply trained before
combining these parameters in applying against the
Al deep learning algorithms. Once the parameters
are trained, the Al deep learning algorithm is further
trained using a host of subjects which could also
deal with basic diagnostic papers or reports. The
gold standard is defined as the optical networking
card system. Implementation of the Al deep
learning algorithm in the layer is displayed when it
evaluates the parameters on the machine-printed
newspapers, which are used for final evaluation
reports over the reconfigurable optical network
design. The machine learning analysis system, in a
nutshell, would deal with a very large volume of
data using various types of machine learning
models that can be evaluated over the most
unknown sentences or reports. The real-time
printing of sensors is the footprint to a predicting
time window.

2.2. Applications in Rail Industry

Al and deep learning technologies have shown
several practical use cases in the optimization of
assets and maintenance practices within the rail
industry. Predictive analytics for monitoring rail
tracks have helped workers anticipate maintenance
activities, which can decrease track downtime and
increase worker efficiency. Furthermore, to reduce
accidents, some rolling stock manufacturers and

operators have used Al and deep learning
capabilities to predict rolling stock component
failures. As a result, associated costs for spare parts
may be reduced as well as labor associated with the
maintenance activities. There is also a significant
amount of research where Al and deep learning are
used to optimize maintenance practices on an
operational level, dependent on factors such as part
conditions and train schedules. For example, an
application of such kind will ensure that part
changes happen at the right time and place that a
train is going to make a service stop, preventing any
unnecessary downtime in operation. There has also
been a successful application of methodologies to
optimize the whole maintenance business, going
beyond operational considerations.

When discussing the deployment of Al and deep
learning technologies in the rail industry at large, a
common issue is the lack of data quality in the first
instance for an installation. Hence, Al and deep
learning technologies need to be developed and
demonstrated before the technology can be
deployed. There is work, however, that has detailed
exemplary case studies demonstrating the economic
and safety improvements that Al and deep
technology can provide. For example, a study of
three Al projects demonstrated an average
annualized benefit of over AUD 50 million. These
included automatic computer vision defect detection
on track (improved workforce safety), wagon side
frame crack defect/network detection, and
predictive low voltage lighting system maintenance.
Furthermore, recent work has demonstrated success
with multimodal assets attempting to predict the
remaining life of locomotive components. The
project has shown a reduction in maintenance times
and a resulting increase in operational performance,
asset life, and safety. Ongoing research is
examining the possibility of extending the tool to
predict the potential for a train brake system. Some
preliminary tests have demonstrated significant
potential.
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Fig 2 : Application of ML in Railway

3. Predictive Maintenance in Railways
Traditionally, from a maintenance perspective,
services have relied upon either the failure at a later
stage (reactive) or have used a strict period to
trigger a maintenance event (scheduled). Such
techniques are idealized due to the likelihood of
succumbing to a catastrophic failure being high; the
costs incurred during the downtime would likely be
more than those saved via scheduled maintenance.
Both of the aforementioned maintenance strategies
have inherent issues or indeed flaws. A more
modern approach that has gained momentum due to
advances in technologies, albeit slowly, is
predictive maintenance. Traditionally, predictive
maintenance uses deterministic physical models of
various components before using algorithms to
identify any potential failure before such an
occurrence would result in costly downtime for all
involved.

Several benefits are associated with rigorously
using such a maintenance scheme to identify
potential predictive failures. Such failures can
reduce the downtime of railway assets, ultimately
improving financial capacity while also enhancing
ridership satisfaction, as assets are less likely to fail.
Furthermore, it reduces the lifetime of the asset
since the underlying failure had been identified and
rectified before a complete lack of operation. In
making such a transition, additional value can be
identified, directly improving the already pressing
need for safety. If corrective action is triggered to
reduce the likelihood of a severe fault through a
reactive maintenance strategy, the asset must then
interoperate with the knowledge that another fault

of any nature is more likely to occur.The shift
towards predictive maintenance in the railway
sector represents a significant advancement over
traditional reactive and scheduled maintenance
strategies, which often lead to costly downtime and
asset deterioration. By leveraging advanced
technologies and data-driven algorithms, predictive
maintenance enables the early identification of
potential failures, allowing for timely interventions
that minimize disruptions and enhance operational
efficiency. This proactive approach not only
reduces the frequency and severity of asset failures
but also extends the overall lifespan of railway
components, ultimately improving financial
performance and passenger satisfaction.
Additionally, by addressing potential issues before
they escalate into serious faults, predictive
maintenance enhances safety, reducing the risk of
incidents that could jeopardize both infrastructure
and ridership. In this way, the adoption of predictive
maintenance not only aligns with operational goals
but also fosters a more reliable and secure railway
network.
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Fig 3: Railway Predictive Maintenance

3.1. Traditional Maintenance Approaches vs.
Predictive Maintenance
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Maintenance of railway infrastructure and
components is a critical activity that needs to be
conducted with the utmost care due to the safety
requirements they must satisfy to be fit for service.
Two popular approaches are used: reactive and
prescriptive. The former is preferred due to the
operating principle of rail services, where the
predictive approach, which looks for an unexpected
breakdown, is often not effective for the safety of
individuals. The main limitation of reactive
maintenance is that unexpected failures can occur at
any time during a component’s lifetime, leading to
prolonged downtime and a significant increase in
cost if the modified backlog has to be performed in
an emergency.

Predictive maintenance, rather than fighting with
breakdowns, offers a system to forecast unexpected
breakdowns in the machinery before they happen
and sharply informs the user about the recent
condition of the concerned equipment. Level 1,
Level 2, and Level 3 are three different methods
used for maintenance schedules. The Condition-
Based Maintenance schedule is based on multiple
marking parameters that vary within the specified
band for ideal uninterrupted operation and is called
Condition Monitoring. Predictive maintenance
should surround the most advanced methods, which
are Artificial Intelligence and Deep Learning
approaches to condition-based maintenance that
analyze a signal value captured from a live sensor
or monitoring device. In addition, deep learning is
located at the high part of an artificial intelligence
hierarchy. Other traditional methods of predictive
maintenance are described in terms of historical and
real-time data that look for harmful effects as a
result of failures rather than identifying potential
dangers.

Equ 2: The confusion matrix and a few
performance

e IP+TIN
ACC = accuracy = :
' TP+TN + FP + FN
g IN
SP = specificity = —————
FP + TN
I'PR = sensitivity = It
TP+ FN
FPR = (1~ specificity) = — I'l” '
‘ FP+TN

3.2. Benefits and Challenges of Predictive
Maintenance

With predictive maintenance, it is possible to
predict the failure of assets and intervene in time to
avoid them. Benefits consist of an improvement in
reliability and security, optimization of processes,
and reduction of downtime; this also means a
decrease in operational costs due to repairs and the
reduction of injuries or fatalities. Indeed, predictive
maintenance provides infrastructure operators and
transporters with an analytic platform to manage
and govern the processes, giving relevant
information to carry out advanced activities of
operation, maintenance, personnel management,
and resource management. In the case of monitoring
systems, such as weigh-in-motion systems,
temperature gauges, or level gauges, the arrival of
data is generally very fast, allowing the risk of
failure to be handled promptly. This is because the
data indicate the health status of the infrastructure in
terms of the values registered and trends. The
problem with managing this data is that it requires
processes and applications capable of carrying out
data fusion. Thanks to the evolution of ICT tools
and the advancement of acquisition and sensor
technologies, it is now possible to carry out
predictive maintenance, and the cost benefits of
performing maintenance and repairs have been
estimated to be around 15 to 20% of the value of the
investment. The benefits of predictive maintenance
for railway equipment and infrastructure are
significant. The principal ones are the reliability and
availability of the rail system, as well as process and
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resource optimization. Nevertheless, predictive
maintenance can also face some challenges. In most
cases, the system could require a lot of data, and the
integration of different datasets from various
sources is not easy. This is one of the biggest
disadvantages of predictive maintenance. Moreover,
many companies do not have the necessary skills
available and affordable, so they must engage
external data scientists to deal with predictive
algorithms. Apart from these challenges, another
disadvantage would be the high investment costs,
which might deter some organizations from
adopting predictive maintenance. Indeed, the
adoption of technological devices requires an initial
investment that might not be insignificant. Besides,
the implementation of new and complicated systems
can result in a change in the existing procedures of
the organizations. For predictive maintenance
methods to work, training of the personnel is
needed, as the organizational staff will not
necessarily have deep expertise in predictive
methodologies.

4. Case Studies and Examples

IPredictive maintenance using Al and deep learning
has been introduced to various rail maintenance
case studies of varying sizes, rail infrastructure age,
and volume of input data. The techniques
introduced addressed a wide range of issues
associated  with  planning and  delivering
maintenance  of  track, signaling  power,
communications, and control infrastructure. As part
of these introductions, Al-based predictive
maintenance techniques were benchmarked, both
technically and economically, against the
techniques and outcomes realized by these rail
infrastructure owners.

Each case study implementation of Al predictive
models within the project was developed for
specific and target rail infrastructure owner(s) in
partnership with academia providing subject matter
expertise. Some workable techniques have been
introduced to a wide range of rail infrastructure
owners, and interest was diverse and broad. The

major goal of this paper is to characterize and report
how well each developed technique performed and
to document the lessons learned by a group of
international railways, who have the potential to
provide more representative feedback. In this
context, 'successful' is judged as much in economic
'return on investment' or improvements and is now
in active use within the relevant infrastructure
owner partner. The reasons underpinning
unsatisfactory outcomes are at least that the
approach taken makes a valuable contribution to the
ongoing understanding of Al-based predictive
maintenance. The techniques were judged
successful if we better understood why the
outcomes we reported were unsatisfactory from
both the project’s point of view and that of the
relevant infrastructure owner(s). They were
validated in a practical environment and, as such,
they add weight to other academic work reported
previously. Summaries of all of the techniques,
respective test cases, and outcomes throughput
assets on the UK network showed that the system
was capable of improving rolling stock maintenance
by a smaller asset manager, by maximizing the life
of rolling stock bogies. Both case studies used real
data to validate the proposed mechanics, with the
possibility of future assets being able to exchange
signals for a similarly improved maintenance
strategy. The rolling stock case study explored a
novel approach to bogie maintenance management
through an improved way of estimating bogie
loadings based on tri-axial measurements, thus
reducing the current reliance of such calculations on
simplified static assumptions. Such a method offers
the potential to increase the robustness of any bogie
maintenance strategy, particularly with points of
further research and development, especially for
high-tonnage exports.
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Fig : Publication comparisons between studies
related to Al, construction, and Al in
construction

4.1. Real-world Applications of Al in Rail
Maintenance

In this section, we present several real-world
applications of Al-supported maintenance of the rail
line. Machine learning has been successfully used to
leverage track deterioration data from more than a
decade ago to come up with predictions of where
track wear will be particularly bad—up to 18
months before it happens, based on predictions of
weather and load, among others. A deep learning
model has been proposed that can predict rail wear
on the rolling contact surface using current wear
values. Previous solutions required defect detection
on the running surface before new wear parameters
could be predicted. A Bagging ensemble classifier
has been developed to detect gears, track
generators, wheelsets, and self-unloader hulls.
Finally, using a long short-term memory model,
faulty assets have been predicted to some extent
while minimizing the coefficient of variation of the
maintenance interval distribution regarding the
scheduling maintenance problem.

The economic and safety implications of these
results show real potential: a 10% improvement in
fault estimates helped reduce downtime caused by
false negatives by 2.5% while reducing the number
of false positives caused by maintenance operations
by 8.5%. More generally, these projects provide
valuable reference points in terms of resource
frameworks, data and signal sources, and data
intervals, which can help organizations looking to

conduct equipment prediction, estimations, and
alarms know where to start. When reviewing the
literature on the topic, we noticed that some of the
biggest challenges concerning the real-world
application of Al were related to resistance to
change and technicalities and the difficulty of
finding a place to implement Al technologies on an
operational level. The solution to these challenges
was directly connected to the Al technology
supplier providing a physical and, sometimes,
virtual base of operations and maintenance support
for the rail operator, thus fostering trust in the new
technology. Overall, there is a belief in the rail
sector that national and international standards can
be drawn up regarding how to implement Al in the
rail industry. These would clearly define the
boundary of the technologies for the rail operator
and the technology supplier.

Organization of
implementation

Safety Monitoring and

Manpesment coordination
Activities Process
for achieving
safety Safety Management of

development %
configuration
process

Fig 4: Applications of Al in Rail Maintenance

5. Enhancing Safety and Reducing Downtime
Enhancing safety and reducing downtime.
Predictive maintenance is heavily associated with
risk reduction, such as the risk of failure of
infrastructure, the risk of train delays, etc. That said,
predictive maintenance strategies also help a
business run efficiently and deliver a more reliable
and higher-performing service. There is a clear
safety angle here, where a more regular
maintenance schedule will bring the potential for
safer operations; data signals from the infrastructure
informing understanding of the potential risk can
provide 'peace of mind," especially in locations
where traditional studies have turned up very low
risk of a particular failure mechanism or event.
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This can help stakeholders understand the relative
performance of their assets in terms of safety, for
example. Although not that common, cases are
emerging of developing new data sources that could
help inform construction or rehabilitation plans for
future infrastructure. More common, though, are
projects where small numbers of asset managers are
using this technology to influence decisions
regarding specific asset interventions, e.g., in track
renewals or signaling maintenance. Predictive
analytics makes this level of intervention possible to
make savings and demonstrate the potential and
benefits of this proactive maintenance approach.
For the rail industry, significant cost savings
through reduced downtime and maintenance
activities are often cited as the most important
overall benefit of proactive maintenance.

Simulatien of human intelligence

Artificial Intelligence & processes by machines.

Machine Learning Process of teaching machines
without explicitly programming.

e
@, 7 Machine learning inspired by
5 human brain neurons.
1

Fig 5: Reducing Downtime

Deep Learning

5.1. Safety Improvements through Predictive
Maintenance

A reliable rail infrastructure is a prerequisite for the
smooth and safe operation of scheduled train
services. While data-driven predictive maintenance
practices are being fine-tuned, the potential hazards
can be identified at an earlier stage, and necessary
repair or maintenance of infrastructure can prevent
unsafe conditions from materializing. Technologies
such as sensors to understand the level of wear and
tear on track components, as well as which part of
the infrastructure needs renewal, combined with
data analytics, can be used for the identification of
potential safety hazards with the assets. For
stakeholders responsible for the operation, key
safety metrics of the network need to be established.

However, it is observed that the safety of operation
is the sum of the safety of each component of the
system.  Predictive maintenance using the
identification of safety factors per asset can lead to
earlier prevention of accidents associated with that
asset instead of responding to the reactive chain of
events that results in the accident in the first place.
Through  predictive  maintenance  practices,
interventions can be made before the unsafe
condition results in an accident, incident, or even
service complaints from operators or passengers.
This is a change in safety practice where
traditionally safety has been relegated to a reactive
state where operators are interested in the statistical
likelihood of accidents and prevention of accidents
to physical harm as a consequence. Lean
management practices have established that if a
process has a very low defect rate, then the system
does not collapse. By analogy, the introduction of
predictive maintenance can be used to improve the
confidence that physical events caused by reduced
system safety can be largely obviated, hence acting
as an 'immunity booster' for the traditional reactive
safety culture. Studies in rail show how specifically
identifying the safety improvements that can be
reached through predictive maintenance can help
the adoption of the practice increase from a moral
or ethical perspective. In particular, the
implementation  prevented both  ‘'dangerous
situations’ from developing but also resulted in a
switch from blaming individuals to non-person
blame of a ‘flawed renewal process.' It is related to
how workers perceive risk and how technology is
mandated that enable the predictive improvement
and reduction of harm within an operation. The fact
that this link was also related to improved efficiency
and spending meant that a cooperative stance was
reinforced, where greater discussion of the
improvement between management and
stakeholders occurred.

5.2. Downtime Reduction and Cost Savings
Improved safety and operational reliability through
predictive maintenance are transformative but
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nuanced; predictive maintenance strategies reduce
unplanned outages or downtime, avoiding the
negative impacts described in previous sections and
improving planned maintenance scheduling to
reduce costs. The goal of a rail operator, with the
endorsement of regulatory authorities, is to
continually reinvent the business model, which in
this case means increasing technical lifecycles,
improving operational reliability, and ultimately
moving toward a strategy of reinvestment in assets
with more than 60-year lifecycles and prioritizing
investment in assets that offer opportunities for
economic development or modernization. Reducing
asset lifecycle costs stabilizes the fiscal landscape
and has been demonstrated to facilitate transit
incrementally during large cost reductions attributed
to plant force.

The financial opportunity for research in predictive
infrastructure maintenance is demonstrated through
the lens of indirect costs, which can largely be
traced to downtime and its economic impact. The
aforementioned methodology of calculating outage
rates and applying multipliers is a key component of
cost-benefit analyses for intelligent vehicle system
deployment. Economically beneficial improvements
in rail operating safety must result in not only fewer
accidents but also reduced accident severity rates—
a consideration that can be directly traced to
workforce supervision following maintenance
activities, ensuring that increased maintenance does
not lead to increased direct costs. Therefore, a
differentiation between costs attributed to the
primary components of an event versus the
secondary economic impacts of catastrophic loss is
essential.

It has been suggested that rail operators will be slow
to invest in predictive maintenance systems due to
the initial cost of implementation and fears of the
unknown and that the systems will likely be best
suited to cases where the normal operating and
maintenance strategies will lead to failure at a
predictable time in the future. Finally, the tourist
railroad use case study demonstrated that the
greatest savings before they adopted predictive

maintenance could be found not in response savings
but in the more upstream portrayal of decreased
outage savings and streamlined maintenance man
hour use. In 2007 alone, the same railroad operator
demonstrated savings of 10,083.80 man hours,
yielding a savings factor of 3.31 when compared to
the total operating costs that same year. These case
studies underscore that it is not predictive
maintenance per se, but rather judicious allocation
and timing of resources that contribute most
significantly to cost savings. In short, the appeal of
predictive infrastructure maintenance is facile to
recognize: for relatively small sums invested in
technology and the training of proverbial ‘early
adopters,” in the long run, predictive maintenance
reaps savings reified through quality of life; these
savings align with processes of decreasing failure
frequency and reducing impact severity, thus posing
a research opportunity at the nexus of these priority
research areas.

Equ 3: Return on Investment Equation

First method:

ROT = Net Return on Investment x 100%

Cost of Investment

Second method:

1 J 7t it J . 7
ROI = Final Value of Inv Ps‘niwnt VInmal Value of Investment X 100%
Cost of Investment

6. Conclusion

Transforming railway infrastructure maintenance
from reactive maintenance to time-based
maintenance to preventive maintenance has
increased overall performance. The application of
predictive maintenance strategies has a large effect.
One example is the improvement in safety and an
associated reduction in accidents. An increase in
operational and practical reliability and predictive
maintenance also reduces downtime, thus reducing
costs partly. Automation with more advanced Al
and deep learning methods to improve operational
efficiency is the need of the future even if these
opportunities are not taken advantage of now. All
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rail link elements should therefore continue to
invest in technology and expand their expertise
when and as quickly as possible to train rail
operators. The various methods described are both
needed as tools for developing future trends for the
needs of the rail infrastructure industry in the Al
field. We would like to indicate that efforts by
research organizations can concentrate on these
developments, especially concerning the needs and
requirements of member countries. Additionally,
our work has further applications. Contents
regarding automatic maintenance of track geometry
or syntonization were not mentioned, even if further
studies could be further developed. The ideas and
thoughts can also be helpful for many other modes
of transportation of interest to commuting and
society. In light of this, we urge all shareholders to
consider it and act to simplify their system and
encourage advancements in technology that make it
possible to be safer and have a higher efficiency in
operation based on successful forecasts.

6.1. Future Trends

As ICT technologies have evolved, especially Al
and deep learning techniques, opportunities exist to
further develop predictive maintenance solutions.
Virtual Reality and Augmented Reality have been
directly applied to analyze rail infrastructure,
further enhancing system safety. ML algorithm
developments featuring semantics are expected to
be widely used for data mining, enhanced failure
prediction, and accuracy. Distributed and graph data
analytics are directed toward the growing trend of
global railway systems and the Internet of Things.
Hyperspectral imaging and millimeter wave
imaging, used for wireless communication, are
more likely to access large area coverage very
efficiently. Improvement in optical sensing
technology will enhance sensing capability,
particularly for rolling stock systems. Advanced
robots have significantly enhanced safety and have
provided automatic  inspection of  major
components.  Microair vehicles provide an
alternative approach to manual track inspections

and are suitable for deployment at the local track
level and in industrial environments. The rail
industry has already implemented measures for the
prevention of fraud using automatic fare collection
systems. The ability to share data seamlessly and
make platforms and systems interoperable will
allow users to benefit from time-based maintenance.
A step change in remote sensing can be expected
with the application of robotics, machine vision,
and Al, technologies that are well-developed in the
rail sector. To maximize the benefits, research must
integrate interdisciplinary technologies, looking for
synergies from the capabilities and limitations of
the infrastructure with technical efficiency. As a
result, custodians of these infrastructure systems
and domain specialists have the potential to
leverage emerging novel Al algorithms. Future
work will examine how such collaborative
approaches can be executed to extend the life of
infrastructures for greater value.
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