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Abstract

This thesis investigates artificial intelligence application for predictive maintenance field.
This research discusses the different maintenance approaches, going from reactive,
preventive, to condition-based maintenance, and sketches insights into the current trend
of predictive maintenance with Al solutions. In this thesis, major advancements and
methodologies embedded in predictive maintenance are identified majorly through an
accrued literature review, emphasizing the role of Al in enhancing maintenance decision-
making, reducing operational costs, and improving equipment reliability. This thesis
compares the conditions of the traditional statistical models and the models developed
under Al to run predictive maintenance strategies in the face of each other, to show the
superiority of Al in prediction and efficiency. Further, the research deepens the
evaluation in industry-specific case studies with the enumeration of practical applications
and benefits of Al-powered predictive maintenance and the issues and challenges related
to data integration, system compatibility, and human factors. An attempt has been made
in this thesis to present a comprehensive framework for the adoption of Al in predictive
maintenance with insights into future directions for this area. The results of this research
will be of important findings important to offer insights into the maximization of Al
potentials in maintenance strategies and helping practitioners and researchers in
management engineering to devise more effective and efficient maintenance operations.

Key-words: artificial intelligence; predictive maintenance
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Abstract in italiano

Questa tesi studia l'applicazione dell'intelligenza artificiale nel campo della
manutenzione predittiva. La ricerca discute i diversi approcci alla manutenzione, da
quella reattiva, a quella preventiva, a quella basata sulle condizioni, e traccia un quadro
dell'attuale tendenza della manutenzione predittiva con soluzioni di intelligenza
artificiale. In questa tesi vengono identificati i principali progressi e le metodologie della
manutenzione predittiva attraverso una revisione della letteratura, sottolineando il ruolo
dell'TA nel migliorare il processo decisionale di manutenzione, ridurre i costi operativi e
migliorare l'affidabilita delle apparecchiature. Questa tesi confronta le condizioni dei
modelli statistici tradizionali e dei modelli sviluppati con ITA per eseguire strategie di
manutenzione predittiva, per dimostrare la superiorita dellIA nella previsione e
nell'efficienza. Inoltre, la ricerca approfondisce la valutazione in casi di studio specifici
del settore con I'enumerazione delle applicazioni pratiche e dei benefici della
manutenzione predittiva alimentata dallTA, nonché delle problematiche e delle sfide
legate all'integrazione dei dati, alla compatibilita del sistema e ai fattori umani. In questa
tesi si e cercato di presentare un quadro completo per l'adozione dellTA nella
manutenzione predittiva con approfondimenti sulle direzioni future di questo settore. I
risultati di questa ricerca saranno importanti per offrire spunti di riflessione sulla
massimizzazione delle potenzialita dell'IA nelle strategie di manutenzione e per aiutare
i professionisti e i ricercatori in ingegneria gestionale a ideare operazioni di
manutenzione piu efficaci ed efficienti.

Parole chiave: intelligenza artificiale; manutenzione predittiva
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1 Introduction

1.1. Background

This thesis tries to fill this gap by exploring how Al-driven predictive maintenance (PdM)
is implemented, effective and how greater precision and timeliness in maintenance
interventions can be achieved through interaction between Al and different maintenance
strategies adopted for this purpose. But not only in terms of whether it would extend the
equipment life, reduce downtime, and costs but also in terms of the broader economic
and industrial effects of that technological leap. From the above, the thesis shall provide
a detailed insight on the real pros and cons of adopting Al-driven PAM. Such an in-depth
understanding will guide future implementations and improvements in the area of
industrial maintenance.

In such a highly competitive industrial landscape, peak operational efficiency is needed
just to stay afloat. Subjected to increasing pressure toward the minimization of costs and
the tightening of production cycles, companies view advanced maintenance strategies,
including Al-powered predictive maintenance, as highly important tools in the arsenal
[17]. This comes from the urgency to take care of equipment failures at the onset to avoid
expensive downtime that will disrupt production schedules [18]. Predictive maintenance
thus inverts the situation with the use of Al; potential failure tendencies are projected and
hosted within the system before the occurrence, enabling companies to take preventive
measures and keep the operations going [3]. This turns out to be important for so much
more than just operational efficiency. Sustainability is high on various agendas, and Al-
driven PdM proves to achieve waste reduction in great regard [9]. Since pinpointing
exactly when maintenance needs to happen, companies can, in effect, minimize
unnecessary repairs and part replacements sufficiently at a level where the impact on the
environment is subdued [21]. This will be of the essence with the current and ever-
increasing industry pressures for adopting greener practices and shedding
environmental loads. However, Al-driven PdM is not all about optimizing resource use;
this is one reason it fits perfectly into the general global trend toward sustainability [22].
Also, the industrial landscape is in the wave of revolution, with smarter, interconnected
systems becoming the new normal. As machinery advances, and networks in which they
are used become more complex, maintaining that machinery through traditional methods



becomes increasingly difficult. This is where Al-driven PdM emerges, with an amazing
capability to work through vast data sets and identify subtle patterns that indicate a
machine may break down [13]. This, therefore, becomes part of the modern strategy for
maintenance.

Al-based PdM is even more relevant because it contributes to the aspects of enhanced
worker safety and assurance of regulatory compliance. The failure of any equipment
might result in a serious threat to the workforce on a site. The Al-based predictive
maintenance ensures equipment reliability and the resolution of issues before they
escalate into failures [20]. Al-driven PdM ensures safety for the workers and prevents
companies from fines and penalties in the form of citations for safety violations. This has
paramount importance for the manufacturing, energy, and mining industries, among
others, for which equipment reliability and worker safety are the two paramount
concerns [6]. These reasons underscore the points why Al-based predictive maintenance
should be included in industries. Its inclusion assures very high benefits accruing from
boosting the performance of industries, hence assuring that one attains sustainability
goals, catching up with the changes in technology, and, most importantly, assuring safety
to workers [8].

Today, Al-driven Predictive Maintenance is the only answer for equipment reliability and
proper maintenance schedule optimization in these industrial landscapes [15]. More and
more papers emerge, as well as real-world use cases, proving how predictive
maintenance —with the aid of Al—can trouble and schedule the downtime caused by
equipment breakdowns [10]. Such technologies are inclusive of machine learning
algorithms and advanced data analytics, allowing for the identification of possible
breakdowns through historical as well as real-time data [11]. This empowers the
possibility of targeted maintenance intervention to cut downtime, raise equipment life —
very ability that thus tips sharply toward reduction of cost and better operational
efficiency [12].

PdM powered by Al is prevalent because of its ability to analyze large volumes of data
from different sources: sensors, operational logs, and maintenance records [14]. Such
approaches, driven by data, may unlock deeper insights into equipment performance
under variable operational scenarios. In other words, Al models have shown the ability
to detect small anomalies and patterns that would escape human operators, thus
providing better diagnostics accurately by the conventional means [23]. Hence, these
insights can be cascaded down to maintenance teams to enable them to become more
proactive in preventing failures, rather than reacting to the unplanned failures that, in the
past, have brought about downtime that is costly and disruptive [24].



Additionally, the integration of Al into PdM strategies makes the approach to
maintenance more sustainable. Al helps to exactly demarcate when maintenance is truly
needed, thereby reducing avoidable services that often lead to overuse of parts and labor
[16]. Such a degree of precision not only saves waste but is also more in concert with
increasing pressure that industrial practices be made more sustainable. The strength of
Al lies in optimizing the use of resources, and for this reason, the benefits from all these
technologies, especially the fabrication, energetic, and transportation industries, where
uptime of equipment directly translates into productivity and a small environmental
footprint [18].

However, according to more recent research, some of the "challenges" it poses are large
initial investments both in terms of the technology and the training required, integration
with the existing infrastructure, and the constant need for handling and managing large
datasets that fuel Al-based models [13]. Conceding to existing literature, the benefits
derived from Al-driven PdM, in terms of improved reliability, reduced costs, and better
analytic insights, are much stronger than the challenges [7]. Therefore, Al-driven PdM is
very attractive to such industries that are committed to digital transformation and the
futureproofing of their operations [3].

While all agree on the benefits of Al-enabled Predictive Maintenance, there are several
big knowledge gaps. It is a major issue concerning the scalability and adaptability of such
technologies in different industrial settings [4]. One of the unknowns is how far Al-driven
PdM scales with different settings and types of operation [5]. Industrial settings differ
remarkably in terms of environmental conditions, operational stresses, and types of
machinery. These differences can considerably affect the performance and
generalizability of predictive algorithms [6]. Most research on this subject is thus limited
within the scope of single case studies or, at best, controlled environments, which fail to
represent the many complex aspects and challenges that make different industry sectors
heterogeneous [20]. There might be a generalizability concern with regard to the Al
models developed in one context and applied in another context. What is further needed
is more diversified studies to really look at the robustness of this Al-driven PdM in the
context of a larger diversified list of industrial applications [21].

Another under-researched area is the long-run impact of Al-driven PAM on maintenance
workforce dynamics and skill requirements [22]. Automation of more and more Al
technologies in diagnostic and decision-making paradigms traditionally led by human
personnel will cause changes in their skill requirements [23]. However, to date, research
has not made it very clear whether and how these changes have to be actually
implemented in the profile of the maintenance labor market and what kind of strategies
companies have to adopt in this direction [24]. Such answers remain crucial, for example,
to questions such as whether existing training programs are indeed sufficient to provide



workers with the skills, they are supposed to acquire to collaborate effectively with very
sophisticated Al systems and how integration with such systems affects job satisfaction
and operational safety issues [14]. Thus, answers to this set of questions are pivotal for
organizations intending to implement Al-driven PdM in a sustainable and effective
manner [15].

1.2. Research Question

The research question this thesis is built around asks: How do Al-driven predictive
maintenance and traditional, rule-based maintenance strategies compare in efficiency,
cost-effectiveness, and adaptability to different industrial settings? Such a question seeks
to answer the tangible benefits and possible shortcomings of the use of Al technologies
in maintenance practice, with a special focus on Al's capability to enhance the accuracy
of predictions and maintenance outcomes. It will also seek to assess the wider
implications of such technological change on notions of things such as employment and
labor dynamics, safety in various industrial protocols, and environmental sustainability
[7]. In so doing, the present thesis seeks to evaluate, in a holistic manner, the use of Al-
driven predictive maintenance as a new tool for modern industries.

1.3. Methodology

Literature Review

This chapter provides sufficient background literature so as to compare effectiveness of
Al driven predictive maintenance with that of traditional and rule-based approaches,
within different industrial contexts, for cost-effectiveness and adaptation of such
techniques. The review would summarize the findings in the current body of knowledge,
explore the existing gaps, and provide a roadmap for future research work.

Search Strategy

An academic search is going to be done across IEEE Xplore, ScienceDirect, SpringerLink,
Google Scholar, and Web of Science. In general, the following key and associated search
terms would be included:

e 'Predictive Maintenance' AND 'Artificial Intelligence',
e 'Al-driven Predictive Maintenance',



e 'Machine Learning' AND 'Predictive Maintenance', '

e Traditional Maintenance Strategies' AND 'Predictive Maintenance',

e 'Alin Maintenance' AND 'Industrial Applications’,

e 'Cost-Effectiveness of Predictive Maintenance',

o 'Efficiency of Predictive Maintenance',

e 'Adaptability of Predictive Maintenance'

e ’‘Predictive Maintenance’ AND (‘Agriculture’” OR ‘Infrastructure’ OR
“Transportation” OR “Energy Sector’)

Inclusion and Exclusion Criteria

The identified quality-related aspects of the studies to be included in the systematic
search form the inclusion and exclusion criteria under the defined scope of the review.
The review adopts evidence from peer-reviewed journal articles, conference papers,
reports, and technical papers in the English language. Particularly, only evidence from
the last 10 years is going to be included, which particularly comprises comparative
studies to assess Al-driven PdM against traditional maintenance strategies using
empirical data, case studies, or at least a comprehensive theoretical discussion. Excluded
from the review are documents not peer-reviewed, opinion or editorials, documents
where the main focus of the work is something other than maintenance strategies, and
documents not available in full text. In particular, articles researching with a focus
elsewhere other than the comparative perspectives of Al-driven maintenance against
traditional maintenance are done away with.

Data Analysis

Gathered data will be analyzed through thematic synthesis. Descriptive analysis: briefly
and succinctly describes the features of the studies included, enabling an overall view of
the research land. Thematic coding is to identify common themes and patterns related to
the research questions. Identification of benefits and challenges of the Al-driven PdM
technique can be enhanced by finding the benefits and challenges of the technique. The
comparative analysis would be carried out to assess the Al-driven PdM findings with the
traditional maintenance strategies, giving differences in efficiency, cost-effectiveness, and
adaptability. Gap analysis would provide an insight into finding gaps in the literature
and suggesting directions for future research.

Declaration of Ethical Issues

The SLR will follow ethical research practices, and due credit had been given for the
authors for the cited work without any plagiarism. The SLR process would be made



transparent and reproducible, documenting every step taken in search, selection, and
analysis of the literature.

1.4. Main Findings

The transformational potential of Al-driven PdM is tremendous and quantitative
research proves that it can significantly enhance the level of predictive accuracy and
operational efficiency [13]. Al models, and in particular machine learning models, such
as neural networks and decision trees, have proven particularly good at identifying the
possibility of equipment failure before such failure propagates at any site and produces
an impact. Such proactive management brings about targeted maintenance interventions
that can reduce downtime by as much as 30% according to multiple industry reports. This
is equivalent to smoother production processes and eventually increased operational
efficiency [24].

The costs required for introducing Al technology at the very beginning might be high,
since it requires a depth knowledge on the topic and technical R&D because of the high
complexity of the topic, but over the long term, Al-driven PdM can be very cost-effective
[33]. Comparative studies indicate that companies that have implemented Al-driven
strategies have much lower maintenance costs and obtain higher productivity in terms of
increased equipment life. This directly concerns results in a higher ROI compared to
traditional methods of maintenance. Economic gains are mostly related to better
maintenance schedules, preventing useless and costly repairing, and failing of
equipment. These outcomes are supported by industry reports that demonstrate obvious
financial results from Al incorporation into maintenance routines [8].

However, Al-driven PdM faces several challenges to be efficiently implemented. The
process still involves some qualitative research, such as complexity in integration in the
existing IT infrastructure of the Al systems and a steep learning curve for maintenance
personnel [5]. Data management also poses a significant challenge, as the degree of the
Al functioning efficiency is highly dependent on a stable inflow of good-quality data
inputs [12]. Moreover, visible resistance to changes can be derived by employees that are
not used to Al systems and still are not surer about the benefit of applying them. This
makes further efficient Al-driven PdM large and visible [18].

Finally, the efficiency of Al-driven PdM can significantly differ for different industries,
which means the necessity of industry-specific changes. Only a few sound examples of
successful applications have been developed for the manufacturing, energy, and
transportation sectors that prove the exceptional power of Al applied when the



algorithms are tailored to cope with exacting operational demands, types of equipment,
and certain maintenance challenges [3], [16]. This leads to the maximum potential use of
Al in PdM. Only if Al could easily adapt to the variety of industrial conditions and
maintenance challenges typical for each sector is it regarded as being successful. These
accumulated findings underline those very important benefits that can be derived from
using Al in predictive maintenance but also give a notion that targeted implementation
strategies should be elaborated so that the barriers to adopting the technology and
receiving the greatest benefits can be lowered [4], [11].

1.5. Main Contributions

It plugs these holes in our knowledge to make this research a big step toward Al-driven
PdM and clearer on how Al can work in keeping factory machines running smoothly.
Firstly, it proves, with real-world examples, that Al-driven PAM works much better than
traditional maintenance methods [17]. By comparison of different AI models, this
research not only displays an increase in accuracy regarding failure prediction but better
planning of maintenance schedules as well [15]. This means less expensive factory
function and lasting machines. The second way in which this will be achieved is through
the approach this thesis adopts in measuring the effectiveness of Al in maintenance. This
new approach integrates the close looking method, known as a qualitative method, with
number analysis, known as the quantitative method, to take a complete picture of
challenges and benefits done using the Al-driven PdM method. By reflecting on the real
examples (case studies) and the numbers themselves, this research establishes a strong
model for future studies [20]. Such research will better understand the practical
difficulties and important choices made while using Al in different factory settings.

The study also looks at the human aspect and how a company is run when Al-driven
PdM comes aboard. The present finding is very new from the standpoint that it homes in
on the human aspect of using a new technology, which is very often passed over [22]. By
looking at the research and real examples, it shows how much workers' training and
aiding in a systematic adjustment are important for Al to work [12]. In fact, it is arguably
also a crucial part of the present research in that it elaborates on the human equation for
the implementation of the new technology, a subject that very often gets overlooked [21].
The research sets forth the guidelines for end-user workforce preparation for Al, thus
increasing the likelihood of Al success.

Such findings are important for businesses and policymakers who are trying to determine
what to do with Al-driven PAM [19]. The thesis can offer some concrete recommendations
based on the way a series of choices and rules may be followed to improve factory



maintenance practices through cutting-edge technology, considering key factors such as
having good data, making sure that new systems work well with the old ones, and
considering the specific needs of each industry [14]. In this sense, the added value of this
work is to give an important contribution to the frontier of the next generation of Al-
based PdM in order to make factories more efficient, sustainable, and safe [23].



2 Literature Review

The chapter therefore initiates a deep review of the literature in the focus of the shift
toward predictive maintenance and the instrumental role of Al in sharpening such
strategies. This has provided a brief overview of the development of maintenance
approaches from reactive to proactive methodologies, while actually pointing out
corresponding Al technologies that must be integrated in order for it to have better
predictive capabilities. This review critically brings under scrutiny a number of papers
and research under the topic, and identifies gaps within the literature, thus establishing
a strong foundation for the thesis.

2.1. Evolution of Predictive Maintenance

Predictive Maintenance represents a huge step in the history of the development of
strategies for maintenance. It uses Data Analytics and Artificial Intelligence for predicting
failure events in equipment and stopping them before they occur. It is an advanced
strategy away from the early methods, which were less efficient, and now it has made use
of modern technological advancements to optimize maintenance tasks and enhance the
life of machinery [1], [2].

The first approach in maintenance was Reactive Maintenance, which only took care of
equipment breakdown after it happened. This approach, though naturally cheap in
upfront capital - being effectively without planning and requiring minimal investment in
monitoring technologies - often led to unpredictable and costly breakdowns. Equipment
would fail unexpectedly, leading to an unplanned event, possible risk to safety, and often
arequirement for urgent, expensive repairs [51]. As the industrial processes became more
complex, the limitations of Reactive Maintenance prompted a shift to Preventive
Maintenance. This strategy schedules maintenance, both on a condition and time basis,
at preset intervals or in the form of generic usage statistics, regardless of the actual
condition of the equipment. Although this minimizes the risk of unexpected failures, it
often causes unnecessary repairs on working equipment, wasting time and resources [3],

[6].

CBM marked the start of a more instrument-centric approach. This technique uses data
measured in real-time from sensors mounted on the equipment, providing information
about conditions like vibration, temperature, and acoustics, to activate maintenance work
only when certain predefined values cross a threshold. It is a step up from Preventive
Maintenance in the sense that it is now more reliant on real equipment conditions;
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however, it is still dependent on the setting of the correct thresholds, thus missing less
evident signs of failure [3], [4].

It goes one step further than typical CBM implementations by introducing sophisticated
data analytics and Al It uses real-time data and equipment history data for further
analysis. The statistical models used for this purpose include regression analysis to
predict when a certain asset may break down and time-series forecasting models, where
data is analyzed over time to find trends and patterns that are followed before the
equipment fails. Machine learning algorithms give a more accurate predictive solution
yet since these are a subset of Al It uses algorithms like neural networks and decision
trees that learn from massive sets of data to identify complex patterns that are not feasible
to identify using general statistical theories [11], [13]. For example, a neural network can
learn non-linear relationships within high-dimensional data, thus being extremely useful
in understanding a multi-faceted feature of equipment behavior before it fails. Deep
learning is a more advanced form of machine learning that builds on the previous two
capabilities; it is marked by layered neural networks that mimic human decision-making
processes [14], [17]. Unstructured data processing abilities—read images from cameras
used in equipment monitoring systems—to identify anomalies that could trigger the need
to schedule maintenance make deep learning an attractive way to go [18], [21].

Its implementation, however, is not without challenges. It is a costly strategy in terms of
technology and training. Organizations need to be equipped with infrastructure to
collect, store, and churn large datasets, and the workforce must be trained to handle not
only the new systems but also to interpret complex data outputs in order to make
informed decisions on maintenance [5], [19].

2.2/ | Maintenance Strategies

Al and machine learning created the opportunity for maintenance strategies to develop
from basic and reactive to advanced and predictive. The historical development, use
cases, and evolution—from advantages and disadvantages—of different maintenance
strategies will be discussed in the following section [4], [7], [20].



Table 1: Maintenance Strategies [45, 46, 47, 48, 49]

11

Summary Cost Pros Cons
. o Can lead to
Reactive ) ) Ideal for low-priority )
) Fix when it breaks Low _ runaway repair
Maintenance equipment
costs
. Maintenance on a ) Without
Preventive . Best strategy to implement o .
) predetermined Average _ _ optimization, 'PM
Maintenance without expertise '
schedule creep' can occur
.. Condition-based Timely and informed .
Predictive o ] ] ) 7 o Can be expensive to
. monitoring triggering High monitoring. More insight
Maintenance . set up
work orders into causes of breakdowns
. Requires time, skill,
RCM Condition-based If executed properly, _ _
(Reliabilit itoring triggering Highest ides the most efficient and financial
eliabili monitoring triggerin ighes rovides the most efficien
y & HIBEEHNG & P ] resources to be
Centered) work orders maintenance schedule

effective

The doctrine following the old wisdom: "If it isn't broke, don't fix it." The maintenance

teams wait for devices to fail before intervening with any sort of repairs. To a layman,

this might seem economical in the short run because one is saved from costs incurred in

the maintenance processes; still, it ultimately leads to costs and disturbances incurred by

the unexpected downtime of these devices. [46]

Key Characteristics

requiring expedited services at a premium cost.

equipment that is not critical or has a low cost for a replacement.

Unplanned Repair: Repairs are not planned; they are carried out when there are
requirements to do so. This may lead to a rush for parts and resources, especially

No Scheduled Downtime: Equipment is run until it fails, meaning that there will
be no scheduled downtime for maintenance. This may have an advantage for

Pressure Maintenance: More often than not, maintenance work under the reactive
model is often done under pressure, to get the equipment running as soon as
possible. This sometimes results in bad fixes or simple stopgap measures. [46, 49]
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Benefits

As expected, the benefits of using reactive maintenance are not too many, especially for
the use cases where the equipment is of low critical nature and has low cost for a
replacement. They are as follows:

o Low Initial Costs: There are no up-front costs for planning and scheduling
maintenance activities, which can result in lower initial expenditures.

o Simplicity: The approach is eminently clear — turn up, identify the breakdown,
and form repairs — no muddle of planning and scheduling. [49]

Use Cases and History

Basically, reactive maintenance is the earliest form of maintenance used in cases in which
the cost in equipment failure does not significantly impact production or safety. This
strategy has been in place since the start of industrialization, when machines were
simpler, and the cost of downtime was much smaller than in modern, more complex, and
highly integrated production settings.

Evolution

As machines became more complicated and were progressively integrated into the
production core, the reactive maintenance approach became increasingly impractical.
The costs of unplanned downtimes, lost production, expedited repair costs, and safety
hazards urged the development of more proactive maintenance strategies [3].

Differences

In a reactive maintenance approach, unlike a preventive or predictive maintenance
approach, no action is planned or scheduled in advance. Activities are executed only in
the event of asset failure.

Pros

e The short-term cost is minimized, as maintenance is only performed when the
need arises.

o The approaches are simple, and do not require any special planning or monitoring
tools.
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Cons

o Long-term cost is much higher because of unplanned downtime and the spread of
potential damage to other parts of the system.

o Safety hazards can be easily triggered and substantial delays in production can
occur.

Only used in a selective manner, generally on non-critical assets where the cost of
preventative maintenance does not warrant a preventative approach. In this way, while
being possibly cheaper in the short term, it will also involve potential large-scale
disruptions and possible long-term financial impacts. In those environments where
reliability and uptime are of great importance, a more proactive asset management
strategy is generally followed. As industries rely more and more on continuous operation
and the cost of downtime is rising, a purely reactive maintenance approach will probably
lose some popularity and give way to more predictive and preventive measures [4, 47,
49].

2.2.2. Preventive Maintenance

Preventive maintenance is carried out at scheduled intervals based on elapsed time—
such as calendar time—or the occurrence of a certain number of unit operations, such as
hours of operation, or based upon condition monitoring, for example, lubricant quality
condition monitoring. The principal objective of a PM task is to be completed at a time
that is most cost-effective before the plant equipment begins to deteriorate in
performance or fails [47].

Key Components

e Scheduled Inspections: Regular inspection is the backbone of preventive
maintenance. It is done even when the systems are operational. In most cases, these
inspections will include checking for wear, lubrication of moving parts, and
replacement of units on a scheduled basis, with calibration and minor repairs.

e Regular Cleaning: Regular equipment cleaning is essential. Dirt, debris, and
contaminants lead to overworking equipment or even wearing out parts faster.
Clearing of equipment makes it efficient in operating and avoiding many everyday
problems.

o Replacement of Parts and Repairs: Preventive maintenance often replaces time-
worn parts before they could fail. It often involves minor repairs to prevent small
problems from accumulating and developing into issues that may in the later stage
cause a machine to break down [10, 47].
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Benefits

Advantages of being proactive in regard to preventive maintenance:

Lower Downtime: Properly maintained equipment implies a decreased likelihood
of unplanned breakdowns, which usually result in costly downtimes.

Extending Equipment Life: Regular care and servicing can actually extend the life
of machinery, eventually leading to great savings on costs regarding the purchase
of new equipment.

Ensuring Safety: Well-maintained pieces of equipment are very safe to operate.
Preventive maintenance can help avert accidents resulting from the failure of
equipment.

Improves Productivity: The equipment will be in proper working order, thereby
potentially saving on energy cost and further resulting in productivity
improvements for staff [12, 49].

Considerations

Of course, this indicates only a few of the cons of preventive maintenance:

Scheduling: Properly understand the operating pattern and failure modes of the
equipment, which may provide for the best schedule of maintenance activity.

Time and Resource Availability: Preventive maintenance implementation is a
resource-intensive activity. It requires human resources to be available for
subsequent tasks involving the maintenance of facilities and part availability.

Over maintenance: Lacking proper planning, one ends up with equipment that is
over maintained, which is serviced more than is required, hence wasting
resources, and increasing costs [13, 47, 49].

Applications and History

As a response to the shortcomings of Reactive maintenance, Preventive maintenance is
ideally applied on equipment over which failure modes are well understood and tend to
occur with relatively predictable frequency. It is possible to find the origin of Preventive
maintenance as a methodology in the middle of the 20th century, particularly in
industries like aviation or manufacturing in which the reliability and safety of equipment
are fundamental issues [15, 49].
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Evolution

The methodology has changed over the age with the development of maintenance tools
for planning and scheduling bringing an improvement in application. Enterprise
Resource Planning Systems' design and Maintenance Management System (MMS) have
made the implementation of preventive maintenance strategies much easier [16].

Differences

Preventive maintenance is scheduled periodically based on either time or usage,
regardless of what the real condition the equipment is in. In contrast, the latter approach
is more condition-based and predictive because it employs data on the actual condition
or performance of the equipment.

Pros

o This minimizes the probability of incurring unexpected downtime, which could
happen.

o It will prolong the equipment duration by regular maintenance.
Cons

o This will then lead to the phenomenon of over-maintenance, whereby
maintenance is carried out too often.

o It does not consider the actual state of equipment, which can then end up as a
waste of resources [19, 47].

Preventive maintenance is an important activity in reconciling the need for operational
continuity with practical equipment management. Strategically, it is in the mode of
regular check-up and intervention rather than breakdown toward better equipment
efficiency with extended life. This may be so much the case with the advent of modern
industries that move strides with the latest technologies, where in turn preventive
maintenance becomes more advanced with monitoring and analysis tools for fine-tuning
the maintenance schedules and processes [17].

2.2.3. Condition-Based Maintenance (CBM)

CBM is a strategy of using real-time data for decisions on timely maintenance of
machinery, and it uses some specific condition monitoring tools and techniques to
monitor the performance and state of equipment at a given time. By that, CBM can
diagnose and cure equipment abnormalities that might end in failure, hence allowing
maintenance at the right time [20, 50].
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Key Elements

Real-Time Monitoring: There is continuous monitoring of critical equipment
parameters including, but not limited to, vibration, temperature, pressure, and
acoustics to determine the health of equipment.

Predictive Analysis: Collected sensor data will be analyzed, mostly in real-time. It
finds patterns or even anomalies that may represent a fall in equipment
performance. Such analysis can be quite useful for maintenance prediction.

Condition-Based Maintenance: Maintenance is triggered by incoming data from
the monitoring equipment, rather than by scheduled time or run time, ensuring
maintenance is only undertaken when it needs to be [23, 50].

Benefits

CBM has the following advantages over both reactive and preventive maintenance

strategies:

Reduced Downtime: Condition-based maintenance can be performed when there
are signs of wear or an imminent failure, therefore saving the frequency of
duration in equipment downtime.

Cost Savings: CBM stops the over-maintenance of equipment, while, in essence, it
saves a lot of money by ensuring that no money is wasted on the change of
unnecessary parts and labor.

Extended Equipment Life: Equipment life is maximized only when — with some
effort — parameters are watched regularly, giving reasonable assurance that
potential problems are corrected long before major failures occur.

Improved Safety: Real-time monitoring quickly identifies potential safety risks
and allows for appropriate actions to be taken, reducing the risk of accidents
caused by machine failure [24, 50].

Applications and History

CBM is ideal for critical equipment, which means that equipment has a high implication
in terms of failure. This has gained predominance with the promulgation of cost-effective
and high-end sensor technology; so, in this method, the equipment condition can be

monitored in real-time [22, 50].

Evolution

The strategy has evolved with the progress of sensor and data analytics technologies that

are more sensitive and accurate in monitoring and testing the conditions of equipment.
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This would enable superior maintenance of equipment, and maintenance would only be
required when certain indicators point to impending failure or degraded performance
[21, 50].

Differences

Unlike preventive maintenance, which is scheduled, and reactive maintenance, which is
post-failure work, CBM is a technique that is dependent upon actual operational data and
equipment condition monitoring.

Pros

o Improves the efficiency of maintenance by executing maintenance tasks according
to the condition of equipment, only when it is necessary.

o Eliminates all forms of unnecessary maintenance activities and the costs that
result.

Cons

e Requires investments in condition monitoring technology and data analysis
systems.

o All sensors come with a high initial investment in the monitoring tools associated,
and therefore it cannot become cost-effective for all equipment [18, 50].

Condition-based maintenance realizes a balanced approach to maintenance
management, taking the benefits of preventive and reactive maintenance while
minimizing their drawbacks. In theory, CBM could be hugely beneficial, although it is
primarily a technology-driven strategy in design. It thus calls for the right investment in
the tools and training associated with it. As new technology strides ahead —particularly
in the areas of IoT and analytics—CBM is set to grow, becoming even more effective
and reaching a broader range of industries [5, 50].

2.3. Role of Al in Predictive Maintenance

This is true, though, only in predictive maintenance, where Al opens up entirely new
horizons in terms of opportunities for optimizing maintenance processes in industries.
Companies can predict potential downtimes in time, which makes it possible to start
preventive maintenance strategies in time—reducing downtime, costs, and improving
equipment lifespan. Al enhances predictive maintenance by applying advanced data
analytics, machine learning, and, sometimes, even more profound methods of Al, such
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as neural networks and deep learning, in maintenance. Firstly, data is collected and
analyzed from a large number of sensors connected to the equipment, from operational
logs, and from past records about maintenance. The data is huge as it forms the basis on
which predictive models are built; this information is huge [1], [2].

Machine-learning algorithms are applied to sort through historical and real-time data to
uncover patterns and anomalies that may serve as indicators of impending failure. For
example, the machine-learning-based model can analyze vibration data from an
industrial motor to notice irregularities in patterns that may point to an onset of
mechanical failure. Such ability would assist maintenance teams in pre-planning—
further scheduling repairs with minimal production losses [3], [13]. Deep learning is a
subfield of machine learning that allows for still better capabilities from the data
processed by layered neural networks, which simulate the design and functionality of the
human brain. In this context, deep learning technologies are especially powerful in
dealing with complex pattern recognition tasks, such as diagnosing problems from raw
sensor data or images from inspection cameras. Deep learning models can pick up slight
wear or damage that would be invisible to the naked eye or go unnoticed with simpler
analytical approaches [4], [17].

Further to that, Al-driven systems utilize natural language processing to read between
the lines of maintenance logs and operation manuals. Such a facility enables the system
to interpret human language, hence enabling the realization of valuable insights from
semi-structured or unstructured data sources. It could surely make predictive
maintenance all the better if experiential knowledge from the past implementation of
maintenance and recommendations from its experts are included within the predictive
models. Another interesting feature of Al, which is applied in the case of predictive
maintenance, is lifelong learning and adaptation. They are made to change and become
turther adapted, learning through the new data and outcomes in the maintenance in
order to further polish the predictions. This feature is important in the sense that it avails
the predictive models' accuracy over the equipment's life or changing conditions of
operation. The learning is continuous, always ensuring the accuracy of the predictive
system through the equipment lifecycle [5], [6].

Al also makes the data and insights visual through interaction options like dashboards
and reporting tools. Such visualization supports the understanding of Al's outputs in real
time and underpins strategic planning and resource allocation while giving a clear
overview of plant health and maintenance needs [7].
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2.4. Industries and Sectors Utilizing Predictive
Maintenance

Predictive Maintenance is quickly disrupting industrial operations to make them more
effective, reliable, and at a lower cost in maintenance strategies. The normal approach to
maintenance, whether scheduled or reactive, has fallen short of proving that it can
respond to the requirements of operational excellence and meeting expectations in
sustainability that today's industries—dependent on increasingly complex machinery
and systems—impose. In such a scenario, PdAM —particularly Al-based applications—
becomes a major innovation [8]. In other words, what Al does is to help industries
progress from reacting to failures or following rigid maintenance schedules to predicting
and preventing equipment malfunction before operations are upset. In this case, more
than changing to new technologies, it has to be a complete rethinking of the very practices
surrounding maintenance in a manner that will result in better uptime taking the shortest
time while extending equipment lifespan at the least cost [9].

This can be of compelling importance in industries where the cost of unplanned
downtime is very high, like infrastructure and transportation, agriculture, and energy. In
those industries, a high level of safety and reduced economic losses can be realized due
to failures that can be prevented with the anticipation of potential failures. Physical asset
integrity is important in the case of infrastructure and transportation, including bridges,
roads, and vehicles. Such scenarios are directly covered by the Al-driven PdM, providing
actionable insights for possible interventions proactively. Such interventions prevent
failures, increase public safety, and save public funds that would be lost to emergency
repairs and associated disruptions [10]. In all the above-mentioned cases, including the
agricultural and the energy sectors, improved efficiency in equipment translates into
increased productivity with lower environmental damage, and PdM helps boost the
judicious use of resources. This means that, besides improving performance and
reliability in critical machinery, a proactive maintenance approach supports broader
sustainability objectives by reducing waste and energy consumption [11].

2.4.1. High-Impact Sectors for Al-Driven PdM with Case Studies

2.4.1.1. Infrastructure and Transportation

Examples include services and structures deemed to be of importance, such as roads,
bridges, tunnels, public and private transportation facilities, and airports—all important
to the everyday person and the economy. Adoption of Predictive Maintenance powered
by Artificial Intelligence in this sector marks a stride change from traditional ways that
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more often than not were reactive or time-based. Al-driven PdM uses real-time data and
advanced analytics to predict and prevent potential failures, thus improving the safety of
operations and reducing unexpected operational interruptions [12].

The most significant benefit that can be derived from the application of Al-driven PdM
in infrastructure is increased life and reliability of aging structures. Many systems across
the globe have been in existence for numerous years, and since their maintenance has not
been constant, it is also noteworthy that the maintenance of such types of infrastructure
becomes widespread [6]. The conventional methods are also becoming quite expensive
and often do not ensure the avoidance of breakdowns with serious consequences. Al-
enabled PdM utilizes the best-in-class sensors and IoT technologies for monitoring the
health of infrastructure assets. Such data is gathered in terms of stress, vibration, and
weather impact; it is analyzed by the Al system for detecting potential problems and
needs for maintenance before real issues arise [6].

This kind of predictive maintenance provides huge benefits to the transportation
industry, including public transit and commercial logistics. The latter can provoke severe
logistical challenges with financial impact by bringing about vehicle downtime and even
system failures in these regions. Whether fitted in-vehicle or in-track, Al-driven PdM
systems monitor operational performance data and model the need for maintenance. For
instance, Al can predict when major components, like engines or brakes of trains and
planes, are about to fail, so that maintenance can be scheduled at the most convenient
time —not to disrupt services —without unnecessary maintenance [6, 14].

Powered by Al, PdM secondly helps with better resource management, thus reducing
spending. With such precision, companies in transportation and infrastructure are able
to predict the time needed for maintenance and thus save themselves from incurring high
costs due to emergency repairs and overuse of spare parts. Such a focused approach to
maintenance saves not only on materials but also organizes labor more effectively
because a team working in maintenance can plan and carry out its work by using Al
predictions. The benefits range from saving money to improving management techniques
over large networks of transportation and infrastructure systems, by switching from
time-based maintenance schedules to condition-based approaches [19].

However, there are some challenges in the development of Al-driven PdM for
infrastructure and transportation; first, there is a heavy initial capital investment in
technology and in training the people; second, the users, who are also being persuaded
to change their method, sometimes refuse to change. It implies a complexity in managing
such information immediately through the integration of several sources in maintaining
privacy and security. As technological advancement is taking place and evident benefits
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from Al-driven PdM becoming clearer, more organizations within this sector are likely
to adopt the innovative approach in the next phase [16].

Predictive maintenance using artificial intelligence is at the very center of infrastructure
and transportation. It offers possibilities for enhanced operational efficiency and safety
while dealing with railway systems. Nowhere is that more apparent than for a national
railway operator harnessed to the frontiers of artificial intelligence technologies in the
assessment and performance of optimization for rolling stock and track infrastructure
maintenance. This allows IoT sensors to constantly collect a huge amount of various data,
starting from vibrations and temperatures up to the emission of acoustics on trains and
tracks. All this information will be necessary for the Al algorithms to work correctly. This
data is then processed through the use of more powerful machine learning models,
including neural networks and decision trees, which are particularly good for
understanding the intrinsic complexity of the large data sets common to railway
operation [6]. The training involved identifies predictive patterns that indicate imminent
failure of wheelset critical components, braking systems, and electrical subsystems. This
enables the railway operator to not only predict misbehaving assets, taking necessary
proactive planning actions during off-service hours in order to avoid but also reduce
unplanned downtime and ensure high availability of service to passengers [7].

More significantly, besides the operational benefits accruing from the Al-based PdM
technique, safety across the railway network is profoundly boosted. For instance, Al
systems are known to scrutinize data on track-monitoring to the highest level in an
attempt to identify potential outliers that may indicate degradations on the rails, such as
small cracks or misalignments, long before they turn into serious hazards. Once such
anomalies are spotted, automated alerts go up to maintenance crews immediately in
order to provide them with rapid responses that will preempt potential accidents and
improve the safety integrity of railway operations. Supporting these applications of Al
are the robust data analytics platforms operated by the railway. That is, aggregating and
analyzing data from diverse sets of sources to get a complete view of asset health across
the network. These are the platforms that support lifecycle management—collection,
storage, analysis, and action on data. The tools embed very strong visualization for the
maintenance planners and operational managers that offer real-time monitoring of asset
health, but more importantly, deep analysis for understanding failure trends, predicting
maintenance needs, and resource optimization [6]. They show how Al-based predictive
maintenance is altering the traditional manner of maintaining railway systems from
reactive to proactive and predictive modes. Al increases the aggregate surprise cost due
to equipment breakdown, and on the other hand, the integration of predictive
maintenance augments the lifetime achievable for critical infrastructures. While Al would
be positively developing in terms of technology, the application of Al for predictive
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maintenance in the infrastructure and transportation sector would also increasingly
improve the operations on railways towards efficiency, safety, and sustainability [9].

2.4.1.2. Agriculture

Al-driven predictive maintenance has revolutionized and continues to make significant
strides in how farmers manage and maintain their machinery. This technology is applied
in the proactive maintenance of agricultural machinery, such as tractors, combines, and
irrigation systems, by predicting failures before they occur. This greatly enhances the
reliability of equipment essential for planting, harvesting, and other farm operations [20].

One of the key benefits of Al in agricultural maintenance is its ability to significantly
reduce downtime. For farmers, equipment failure during critical times like planting or
harvesting can be catastrophic. Al-driven PdM analyzes data from various sensors
installed on the machinery, monitoring conditions such as engine temperature, vibration
levels, and overall equipment performance. By predicting potential breakdowns, farmers
can schedule maintenance without interrupting crucial agricultural operations, ensuring
that their machinery is always ready when needed [15].

Additionally, Al-driven PdM helps farmers manage their maintenance budgets more
effectively than traditional methods. Traditional maintenance often leads to unnecessary
or excessive repairs because it is based on fixed schedules that do not consider the actual
condition of the machinery. With Al, maintenance can be performed based on the real-
time health of the equipment, preventing wasteful expenditures and extending the
machinery's life. This targeted maintenance approach is cost-effective and ensures
resources are used efficiently [21].

Al-driven PdM also contributes to sustainability in farming. Optimally maintaining
equipment can reduce fuel consumption and decrease the risk of machine-related soil
compaction, which can lead to poorer crop yields. Better-maintained equipment emits
fewer pollutants and operates more efficiently, reducing the environmental impact of
tarming practices [23].

Despite these advantages, adopting Al-driven PdM in agriculture faces several
challenges. Many farms, especially smaller or resource-limited ones, may find the initial
costs of implementing Al technologies prohibitive. There is also a learning curve
associated with using advanced technologies, and farmers may need training to fully
leverage Al-driven PdM systems. However, as technology becomes more accessible and
its benefits more widely recognized, it is likely that more agricultural operations will
adopt these advanced maintenance strategies, paving the way for more productive,
efficient, and sustainable farming practices [19].
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Al is revolutionizing maintenance management and equipment in the agricultural sector.
This transformation is vividly illustrated in a case study involving a large-scale farming
operation that has adopted Al technologies to optimize the performance and reliability
of its equipment, including tractors, harvesters, and irrigation systems. Leveraging Al in
this context helps address some of the unique challenges faced by the agricultural
industry, such as seasonal demands, varying field conditions, and the critical need to
maximize uptime during peak agricultural periods [24].

Advanced IoT sensors are installed on different parts of each of the farm equipment.
These sensors are connected in different parts of the farm equipment to continuously
gather data on parameters such as operational data, engine temperature, fuel use,
hydraulic pressures, and soil conditions. The data from the sensors is streamed in real-
time into a central data processing unit, and in it, the advanced machine learning
algorithms analyze information to detect patterns and anomalies that may indicate
potential equipment failure or an event or an indicator which prompts maintenance
intervention [11].

Most of the models implemented are within time series predictions and anomaly
detection algorithms to predict failures before they happen. For example, data from the
harvester engine might indicate overheating beyond normal operational thresholds; in
such cases, the Al system will alert the farm management team to take preemptive action
and make it possible to schedule maintenance early —way before critical breakdowns can
result in failure in the middle of a harvesting season. In such a proactive manner, not only
is downtime saved considerably, but also an operational life that is longer in nature is
ensured for the machinery, and peak performance levels are maintained during the times
that this is most required. To further make predictions accurate, historical data from
previous maintenance schedules and specifications from the manufacturer are integrated
into learning models. This enables the Al system to understand the particular history of
maintenance and performance capabilities of every piece of equipment, and in turn, it is
better able to tailor predictive maintenance schedules to each specific piece of machinery.
Additionally, the system learns from every maintenance action and includes feedback on
completed repairs to constantly fine-tune its predictive algorithms further [14].

Herein lies the crux of the effect of Al-driven predictive maintenance in agriculture: core
farm equipment is assuredly ready for operations, while resource allocation and
maintenance planning are optimized. Al technologies in their turn contribute to further
growth in overall productivity and sustainability of agricultural practices by minimizing
unplanned downtimes and extending the serviceable life of machinery. The faster Al
technologies are democratized and evolve, the more rapidly they will get disruptive in
changing traditional farming practices [16].
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2.4.1.3. Energy Sector

In the energy domain, Al-optimized Predictive Maintenance (PdM) is beginning to play
the critical role of ensuring traditional fossil fuel plants through the new-age wind
turbines and solar panels are reliable and efficient. The application of such Al-driven
PdMs focuses on the pre-detection of issues that can result in failures of equipment or
inefficiencies and affect continuous, reliable energy production in the power sector [7].
Primarily, Al-driven PdM is in place for real-time monitoring and analysis of the health
of critical components. For instance, in a wind farm, sensors provide data regarding the
condition of the turbine, such as vibration, temperature, and acoustics. When Al
algorithms are applied, the data is analyzed to predict when a part in the turbine will
wear out or when its effectiveness starts to decrease. To these failure predictions,
companies in the energy sector experience benefits in the fact that they do necessary 'most
in time' maintenance without time-disrupting instances where whole turbine equipment
fails, also very expensive in lost production and emergency repairs [17].

In addition, Al-driven PdM supports the ability to make better decisions regarding the
schedule and the allocation of resources for this kind of maintenance. The
implementation of Al-based PdM in the energy sector largely focuses on the pre-detection
of inefficiencies and failures of equipment that may disturb the continuous, reliable
production of energy. Classical maintenance strategies within the energy sector involve
regular inspection, repair, and usually at fixed intervals, regardless of the actual condition
of the end equipment. This results in problems related to under- or over-maintenance,
respectively resulting in failures or excessive maintenance costs. Al-based PdM allows a
more dynamic approach, scheduling maintenance based on real-time data of equipment
condition and performance. It therefore prevents unexpected equipment failure and cuts
the cost of over-maintenance while extending the effective life of valuable, energy-
producing equipment [5].

Al-driven PdM also plays a crucial role in managing the integration and reliability of
new, renewable sources into the power grid. As renewable energy penetration grows,
predictability of equipment failure and ability to avoid equipment failure become critical
in maintaining grid stability and efficiency. For example, with predictive maintenance,
operations using solar panels and wind turbines are guaranteed to run at maximum
efficiency, ironing out problems before they could cause a problem in power output,
ultimately positively affecting the reliable availability of renewable energy [6]. Even
though high benefits are realized due to the use of Al-driven PdM, most of the challenges
remain in the upfront investment in Al technologies and integration of these systems with
the existing infrastructure. Moreover, the sector calls for highly skilled personnel to
manage and interpret the complex data involved in the Al-driven PdM [12].
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However, the level of adoption in energy, in general, would be much higher over time
because of the energy companies' recognition of new possible ways of saving costs and
gaining efficiency and reliability in power generation—changes that Al-driven PdM can
bring, leading to its innovation and investments in this changing way of maintenance
[19]. In such a scenario, Al-based predictive maintenance would be poised to play an even
larger role in sustaining renewable energy sources like wind turbines.

The following case study illustrates one of the leading wind farm operators that adopted
Al technology in the effort to meet the challenges of increasing its operable efficiency
while simultaneously extending turbine life—an immensely important improvement in
ensuring energy production is reliable and sustainable. The particular wind farm had a
vast size and a complex sensor system, including IoT sensors that were installed within
each turbine and took measurements of—in this case—blade speed, vibration,
temperature, and torque. This is realized in real time and communicated to a central
processing system that features Al capabilities.

Machine learning techniques have been used in the central processing system to analyze
data from the sensors in a bid to look for patterns that indicate wear and tear or
impending failure in critical components such as gearboxes, generators, or rotor blades.
One of the key Al technologies used is a mix of regression analysis and neural networks.
This kind of model has strong capabilities to process constant data streams, generated by
turbines, and can predict failures through the detection of subtle changes in operation
patterns compared to the normal one [20]. For example, in the event that an irregular
vibration pattern is detected in the gearbox, the system will anticipate possible failure
long before this becomes a critical problem, allowing maintenance teams to work
proactively and schedule repair with enough time to cause the least possible disruption
in energy production.

Furthermore, for optimal predictive maintenance, the Al system is also equipped with
the most advanced diagnostic tools based on anomaly detection techniques that work in
real time and offer instant alerts to an operations center whenever a possible issue is
detected. This will not only enable quick response to avoid failures but will also assist in
planning maintenance activities efficiently, to be achieved with the least effect on the total
energy output from the farm. This Al-based approach brought exceptional advantages to
the operator: a reduction in costs related to maintenance and production losses, and
optimization of the lifespan of its equipment [18].

Finally, the data collected and analyzed through the Al system provide priceless insights
which may be used for the optimization of the next generation of windmills' design and
for the optimization of the layout for a wind farm. The success of this type of predictive
maintenance in the wind energy sector underscores the great potential of Al technologies
in the area of renewable energy systems. While these technologies further develop, the
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incorporation of Al in most features of energy production will increase, and there will be
more innovations and gains in the efficiency of sustainable energy operations [24].

2.4.2. Startup Ecosystem Analysis

When considering that the innovation in this domain is not driven by the new startups
alone but includes the role of big established corporations in the incorporation of artificial
intelligence within predictive maintenance, the value chain—from agile startups
developing cutting-edge technologies to multinational corporations with the power to
harness their resources to refine and apply Al solutions across the industry front—
became a consolidated system for the development of innovative maintenance strategies
in this new era. Enter agile startups: Al-driven PdM innovators that bring generational
change.

Companies, due to their agility and orientation toward niche markets, bring new Al-
driven PdM solutions into the mainstream. Often, the solution-providing ideas of such
companies challenge the traditionally set traditions and practices; therefore, the solutions
that companies bring to market are much more adaptable, and sometimes more
advanced, than solutions matured counterparts would offer. For example, Chicago-based
startup Uptake Technologies is using Al to make industrial machinery more reliable and
improve performance. The Uptake platform ingests data from sensors in industrial
machinery to predict when something is going to fail, thereby helping transportation and
manufacturing companies avert expensive downtime [28].

Similarly, SparkCognition provides Al-based protection and optimization solutions for
assets through Al systems that are trained to predict failures and recommend prescriptive
remediations in industries from oil and gas to manufacturing. This is in contrast with the
large corporations, which have strength of scale and resources behind their Al-driven
PdM solutions that could allow the solutions to be implemented widely and in big
operations. Here is where companies like GE and Siemens stand at the threshold, having
harnessed Al expressly into their digital platforms to impact many industries across the
world. Such platforms from GE's Predix or Siemens Mindsphere are Al-powered with the
capacity to churn data for predicting equipment failure and optimizing equipment
maintenance schedules. The backbone of these platforms is because they are not only
robust from a technological know-how perspective but also highly scalable, making them
applicable for large-scale industrial applications [40, 34, 16].

More importantly, 