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Abstract—The integration of artificial intelligence (Al) into
infrastructure maintenance marks a transformative step in
enhancing asset reliability, extending lifespan, and reducing
operational costs. With infrastructure systems becoming
increasingly complex and interdependent, traditional reactive
and preventive maintenance strategies often fall short. This
paper explores how Al-powered adaptive systems—Ileveraging
machine learning, computer vision, digital twins, and loT—can
drive predictive and condition-based maintenance. Key
technologies discussed include supervised and unsupervised
learning algorithms, reinforcement learning, and Edge Al, all of
which contribute to real-time monitoring, anomaly detection,
and degradation forecasting. Additionally, the role of data-
driven design in sustainable material use and retrofitting
strategies is highlighted, showcasing how Al supports
environmentally  responsible  decisions throughout the
infrastructure lifecycle. The research draws upon recent
advancements and case studies to demonstrate the efficacy of Al
in smart infrastructure management. Challenges such as data
silos, interpretability, and hardware limitations are also
addressed. Ultimately, this paper concludes that Al-enabled
maintenance frameworks offer scalable, efficient, and
sustainable solutions essential for meeting future urban
infrastructure demands and achieving long-term resilience in
the face of climate and usage-related stresses.

Keywords—Artificial Intelligence (A, Predictive
Maintenance, Infrastructure Management, Edge Al, Smart
Infrastructure, Asset Lifespan Extension.

I. INTRODUCTION

The complexities of modern infrastructure systems are
growing rapidly. Urbanization is occurring at an
unprecedented rate; infrastructure assets are aging,
maintenance costs are rising, and demands for environmental
sustainability are increasing [1]. Furthermore, traditional
infrastructure maintenance techniques (which tend to be
reactive, not proactive, or rely on time-based preventive
maintenance) are becoming increasingly out of step with the
complexity and data abundance of the modern age, leading to
unplanned failures, waste, and high overhead and operating
costs [2]. Additionally, as infrastructures are growing in
complexity and scale, there are new opportunities to identify
intelligent, flexible, and proactive maintenance strategies that
can adapt to changing circumstances in real-time.

The integration of Al represents a transformative response
to these challenges by enabling adaptive infrastructure
maintenance [3]. Powered by Al, systems use machine
learning, computer vision, reinforcement learning, and real-
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time analytics to monitor the conditions of assets, identify
early degradation, and timely recommend enhanced and
optimized maintenance interventions. Enhanced with loT
sensors, smart actuators, and digital twin technologies, the
integration of Al systems involving sensors and software
makes predictive maintenance a standard operating procedure
for delivering sustainable infrastructure performance [4]. The
information brought by Al shifts the paradigm of
infrastructure management, where rigidity and fixed
procedures of schedule reviewing of operations to real-time
decision-making based on information. Al enables
infrastructure managers to minimize travel interruptions,
minimize waste, optimize assets, improve safety conditions,
and enhance operational efficiency.

The changing landscape of Al-powered adaptive
infrastructure maintenance and its vital role in ensuring
longevity of civil assets. It discusses important Al
technologies, system architectures, and examples of practice
that illustrate how intelligent maintenance systems are
changing infrastructure management [5]. It goes on to discuss
the challenges and future direction of implementing scalable,
sustainable, and resilient Al frameworks that support the
development of the industry 4.0 objectives and smart cities.

A. Structure of the Paper

The following is the outline of the paper: Section Il
reviews traditional, preventive, and predictive maintenance
strategies. Section Il explores Al technologies enabling
adaptive infrastructure management. Section IV discusses
approaches for extending infrastructure lifespan. A literature
review is included in Section V. Section VI finishes with
recommendations for the future. References are provided to
support the concepts and findings discussed throughout.

Il. EVOLUTION OF INFRASTRUCTURE MAINTENANCE

STRATEGIES

Infrastructure maintenance strategies have progressed
from reactive, labor-oriented methods to proactive, intelligent
methods of maintenance. Maintenance previously occurred
most times when a rehabilitation effort was needed due to
observable wear, which led to repairs that were expensive and
resulted in downtime. Next, scheduled preventive
maintenance was added, where a more strategic maintenance
task was attempted to reduce unanticipated breakdowns. As
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sensing technologies and data analytics developed, predictive
maintenance emerged, allowing asset managers to foresee
issues based on real-time condition data. Today, it is seeing
the emergence of a new maintenance paradigm driven by
Artificial Intelligence (Al), called adaptive maintenance,
which will allow systems to learn from data, better decisions
making, and to also extend the asset lifecycle by doing timely
maintenance based on condition. This transformation is
merely one indication of the wider shift towards sustainability,
resilience and efficiency of their infrastructures. Maintenance
schedules of infrastructure have developed in phases (reactive
to predictive) as well as technologies (in particular, from Al).
This bridging improves efficiency, lowers costs and allows
adaptive  data-driven  decision-making to  optimize
performance and prolong the life-cycle of critical
infrastructure systems.

A. Reactive vs. Preventive vs. Predictive Maintenance

Reactive, preventive, and predictive maintenance are the
three primary categories, and each takes a different strategy to
controlling the condition of equipment and averting
malfunctions.

1) Reactive Maintenance

This maintenance approach, sometimes referred to as the
"fix it when it breaks" approach, has a significant
disadvantage: replacing or repairing equipment that has been
used to the point of failure is typically much more expensive
than if problems were identified and addressed sooner, not to
mention the cost of lost productivity while the machine is not
operating [6].

2) Preventive Maintenance

Preventive maintenance (PM) plans are based on the
premise that equipment will continue to function reliably until
it wears out on its own, regardless of whether the service is
really necessary. It has historically been possible to predict
when a piece of equipment would reach the "wearing out"
phase by using averages and broad guesses rather than precise
statistics on the state of individual pieces of equipment.
Consequently, expensive and totally unneeded maintenance is
often performed either before an issue arises or after
potentially disastrous harm has started.

3) Predictive Maintenance

Predictive maintenance is used by top quartile performers
to apply best practices in machine maintenance. Predictive
maintenance entails tracking the effectiveness and wear of
individual machines [7]. These forecasts are derived from
information gathered from non-destructive testing, vibration
analysis, thermal imaging, ultrasonic analysis, availability of
operations, oil analysis, and expert observation. Through the
use of predictive algorithms, the model analyses the data, finds
patterns, and determines when machinery needs servicing or
replacement.

Table | provides a comparative overview of reactive,
preventive, and predictive maintenance  strategies,
highlighting their triggers, data reliance, cost efficiency,
downtime impact, lifespan benefits, and adaptability.
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TABLE I. COMPARISON OF MAINTENANCE STRATEGIES: REACTIVE,
PREVENTIVE, AND PREDICTIVE APPROACHES
Aspect Reactive Preventive Predictive
Maintenance Maintenance Maintenance
Maintena | After  failure | Scheduled at | Based on real-time
nce occurs regular intervals | condition and data
Trigger analysis
Data None Low (time/use- | High (sensor data,
Dependen based estimates) | Al models,
cy predictive analytics)
Cost Low-high Medium-risk of | High—optimized
Efficiency | repair and | over- interventions  and
downtime costs | maintenance resource use
Downtime | High Moderate Low
Impact
Lifespan Minimal— Limited—not Significant—early
Extension | reactive always timely | detection and
approach only Oor necessary proactive care
Adaptabili | None-not Low-fixed High—Al adapts to
ty adaptive schedule real-time  changes
and patterns

The machines continue to function in their usual
production settings while the teams carry out predictive
maintenance tasks. Consequently, a company's downtime is
drastically minimized, maintenance expenses are cut, and
asset life is boosted.

B. Current Limitations in Conventional Maintenance
Systems

Traditional infrastructure maintenance systems, whether
reactive or preventive face significant limitations that hinder
operational efficiency, cost-effectiveness, and long-term asset
sustainability. These legacy approaches are often based on
static schedules, manual inspections, and non-dynamic
decision-making processes that do not adequately address the
complexities and variabilities of modern infrastructure.

1) Inflexibility and Over-Reliance on Periodic Schedules:

Preventive maintenance normally has a schedule of time
or use that is independent of asset condition. Such strict
approach may result in premature servicing, unnecessary
downtimes [8], or untreated symptoms of depreciation,
introduce the cost escalations, and inefficiencies.

2) Limited Real-Time Monitoring and Feedback:

The traditional systems are not continuously monitored.
The decision points on maintenance are typically founded on
a historical data or scheduled review, usually lacking
indications of failure beforehand particularly in those areas
that might be difficult to access or in a critical situation
component.

3) Reactive Maintenance is Costly and Risk-Prone:

Infrastructure operators in most instances depend on
reactive maintenance because of budget limitations or
predictive capacity. This run-to-failure policy will usually
lead to increased repair bills, lengthy outages, and in the worst
of cases, dangerous collapses that are a threat to the safety of
the masses.

4) Data Silos and Fragmented Information Systems:
Maintenance information can end up spread out between
departments or in unreadable formats, which prevents its ease
of access and unification. Such fragmentation cannot support
overall analysis and decision-making, and instead coordinated
and optimized maintenance strategies cannot be introduced.
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5) Lack of Condition-Based Decision Making:

Majority of these traditional systems lack the capabilities
of responding to sensor data or changing due to a change in
the environment, usage frequency or deterioration of materials
[9]. Without analytics and data-driven understanding, creating
priorities in prospective interventions and making effective
resource allocation is difficult.

6) Inability to Scale with Infrastructure Complexity:

Traditional maintenance approaches cannot keep up with
infrastructure systems as it become more interconnected and
technologically complex and challenging. This is due to the
increasing volume of assets that require smarter and more
adaptive management practices, along with urbanization and
the impact of climate stress factors.

C. Need for Intelligent, Adaptive Solutions

With ageing and more load on their infrastructure
networks, changing weather patterns, and the lack of
resources, a more periodic and proactive data-driven
maintenance action would be necessary.

1) Rising  Complexity  and of
Infrastructure:

The current systems of infrastructure are not separate
anymore; those are highly interconnected and embedded with
numerous sensors and digital elements. This complexity
requires the flexible systems that can process large amounts of
heterogeneous data in real-time so as to make informed

maintenance decisions.

2) Demand
Maintenance:

Artificial intelligence (Al) intelligent systems have the
potential of moving infrastructure management beyond
reactive or time-based maintenance, towards predictive
maintenance. These systems can learn degradation patterns
[10][11], with the help of machine learning models and the
sensor data to predict failures and instigate appropriate
interventions before any severe damage incurs.

Interconnectivity

for  Predictive and Condition-Based

3) Resource Optimization and Cost Efficiency:

Adaptive systems have the capability of prioritizing
maintenance tasks according to risk, urgency, and budget
limitations and hence it can optimize resource allocation. This
focus minimizes unneeded repairs, downtimes, and brings
huge savings in the life cycle cost of the asset.

4) Integration of Heterogeneous Data Sources:

Smart solutions have the capability to consolidate and
process a wide variety of data sources such as loT sensors,
environmental data, and historical maintenance records as
well as asset health indicators to provide asset performance in
its entirety and to enable asset lifecycle management.

5) Scalability and Long-Term Sustainability:

With adaptive maintenance, Al frameworks are scalable
by nature and can be utilized in different types and scale of
infrastructure. It facilitates sustainable long-term strategic
planning, regulatory compliance and assist future readiness in
infrastructure system forms and development.
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I1l. Al TECHNOLOGIES ENABLING ADAPTIVE
INFRASTRUCTURE MANAGEMENT

The use of Al technologies is transforming infrastructure
management because it allows flexible, smart systems that
adapt to real-time data. These technologies are able to improve
decision-making, enhance maintenance processes, and add
duration to the life of the infrastructure through machine
learning, 10T integration, and predictive analytics, making
everything much more efficient and accurate.

A. Machine Learning Algorithms for Pattern Recognition
and Forecasting

ML algorithms play a pivotal role in pattern recognition
and forecasting within infrastructure maintenance systems
shown in Figure 1. These algorithms can analyze vast volumes
of historical and real-time data from sensors, inspection
reports, and environmental conditions to identify underlying
patterns indicative of wear, stress, or potential failures.
Techniques such as DT, SVM, RF, and neural networks are
widely used for classifying infrastructure conditions and
predicting future degradation trends. By learning from past
maintenance records and performance metrics, these models
can forecast equipment failures, optimize inspection intervals,
and recommend timely interventions. This capability not only
enhances operational efficiency but also minimizes unplanned
downtimes and extends the overall lifespan of infrastructure
assets.
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1) Supervised Learning

This algorithm can't make predictions or decisions without
human oversight, as the name implies. At this stage, it
separates the input dataset into two parts: training and testing.
In supervised learning, the training data is pre-assigned with
the goal or output values. The two most common applications
of supervised learning are classification and regression[12].
Decisions involving continuous value issues are best handled
by regression techniques, while classification approaches are
more suited to discrete-value problems.

e Support Vector Machine (SVM): The most often
used approach for categorization difficulties is this
one. Basically, it uses the margin calculation
approach. With this method, characteristics with high
dimensional data are separated using a hyperplane or a
collection of hyperplanes to distinguish objects across
classes. SVM was initially limited to handling binary-
classification or two-class issues; however, a
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collection of hyperplanes was subsequently created as
a method for solving multi-class problems as well.

e Naive Bayes: Naive Bayes is an additional machine
learning technique that relies on categorization and
primarily uses the conditional probability approach to
ascertain whether an item is a member of a certain class
or not. A Bayesian network produces a tree network
according to the likelihood of belonging to a certain
class.

o Decision Trees: Decision tree learning is the process
of predicting a model that maps observations and
conclusions to an object's desired value. Decision tree
models with set objective values are often referred to
as classification tree models. The interior nodes of the
decision tree indicate the feature for a certain item,
whilst the leaf nodes stand for class labels. Trees with
continuous goal values are called regression trees.
Therefore, decision trees are applicable to both
classification and regression issues.

2) Unsupervised Learning

One subfield of machine learning, known as
"unsupervised learning," uses inferred tasks to decipher
hidden patterns in datasets without labels. Decisions are made
for the available test data once the model is trained using the
characteristics of unlabeled data [13]. The main areas of
concentration for unsupervised learning are dimensionality
reduction and clustering.

o K-means clustering: The fundamental principle of a
clustering algorithm is to arrange items into different
clusters according to their shared characteristics. By
doing so, the accessible data is clustered into several
sets, with each set containing the data with fewer
distinguishing qualities within a certain distance. The
K-means model is a clustering technique that uses
centroid as its basis; each cluster has K values, with the
mean value located in the middle of each.

¢ Neural networks: The unsupervised learning method
is another use for neural networks. This is when the
neural model is completely unaware of the desired
result. Based on the similarities between the data's
parameters, this network sorts the data into different
classes. The unsupervised neural network classifies
things based on the correlations between their input
parameters.

3) Reinforcement Learning

A number of fields, including robotics and automation, the
gaming industry, navigation, and others, seek for this kind of
learning [14]. The user is not informed of their progress
towards a specified objective while construct the environment
to attain that goal using this dynamic learning technique. An
example of a learning strategy is the reinforcement model,
which uses a "try-and-hit" technique to determine which
actions will produce the desired result most often. This kind
of learning model combines elements of supervised and
unsupervised approaches. It starts learning with some
arbitrary acts and then gives constructive criticism to help fix
them. The two primary tenets of a reinforcement learning
model are the discovery of optimal solutions via trial and error
and the anticipation of future outcomes. In the reinforced
model, an agent's present state information and the results of
an input function (i) determine the behavior (r). A change to
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the surrounding environment is brought about by the behavior
B.

B. Computer Vision for Structural Defect Detection

There are two basic kinds of algorithms used for computer
vision-based flaw detection: image processing techniques and
DL algorithms. Three of the most common methods used for
processing images are the region, edge, and threshold
algorithms.

1) Threshold Algorithm

The threshold approach ranks well among picture
segmentation algorithms in terms of use. The idea behind it is
to use one or more grey thresholds to distinguish between the
target and the backdrop, and then group the picture into
several classes either globally or locally [15]. Methods such
as the Otsu algorithm, iterative threshold segmentation, and
the grey histogram threshold approach are the mainstays of
threshold segmentation theory.

2) Edge Algorithm

Segmentation using the edge technique, which relies on
picture discontinuity, is often finished off with convolution
using edge differential operators. One group of conventional
edge detection operators is known as first-order derivatives
(Sobel, Canny, and Prewitt gradient operators) and the other
as second-order derivatives (Laplace operator), with each
group defined by a unique way of calculating gradients. For
crack extraction, the two most popular operators are Sobel and
Canny.

3) Region Algorithm

In the process of extracting minute fissures, traditional
edge detection systems often break. A number of researchers
have looked at different ways to completely remove fracture
connections. Hence, a crack extraction approach that is based
on regions is suggested [16]. An example of a typical region-
based algorithm is the seed-growing algorithm.

C. Integration of loT and Edge Al for Real-Time
Monitoring

The integration of loT and Edge Al enables real-time
infrastructure monitoring by collecting, processing, and
analyzing data directly at the source [17]. 10T sensors track
structural conditions, while Edge Al delivers instant insights,
allowing faster responses, reduced latency, and adaptive
maintenance decisions.

1) Internet of Things (loT): Real-Time Data Collection
Backbone

IoT serves as the foundational layer of modern
infrastructure monitoring by embedding a network of smart
sensors, actuators, and wireless communication modules
directly into physical assets. These interconnected devices
continuously collect and transmit critical operational and
environmental parameters, such as temperature, mechanical
stress, pressure levels, vibration intensity, corrosion rates, and
humidity. This constant stream of real-time data enables the
creation and maintenance of a dynamic digital replica, or
digital twin, of infrastructure components [18]. By doing so,
loT facilitates enhanced situational awareness, early fault
detection, and data-driven maintenance planning across
diverse infrastructure systems.
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e Continuous Data Acquisition: 10T sensors enable
round-the-clock monitoring of infrastructure health,
capturing real-time data on stress, temperature,
vibration, and other critical factors.

e Wireless Communication: Using technologies like
LoRaWAN, Zigbee, or NB-10T, sensors can transmit
data over long distances without relying on wired
connections.

e Remote Diagnostics: Maintenance teams can
remotely assess structural conditions, reducing the
need for frequent on-site inspections and improving
operational efficiency.

e Scalability: 10T systems can be easily expanded by
adding new sensors or devices, making them suitable
for both small-scale and large-scale infrastructure
networks.

2) Edge Al: On-Device Intelligence for Immediate Decision
Making

While 10T devices efficiently gather large volumes of real-
time data from infrastructure systems, sending all this raw data
to centralized cloud servers for analysis can introduce
significant challenges, such as increased latency, higher
network congestion, and reduced reliability in areas with
unstable connectivity [19]. This is where Edge Al plays a
transformative role by enabling local data processing and
intelligent decision-making directly on-site, using edge
devices such as microcontrollers, edge gateways, or
embedded processors. By bringing computational intelligence
closer to the data source, Edge Al allows infrastructure
systems to respond to anomalies and evolving conditions in
real time, without always relying on remote servers.

e Edge Al analyzes data locally at the point of
generation, allowing systems to detect and respond to
faults or abnormal conditions within milliseconds.

e Only key insights or critical alerts are transmitted to
the cloud, significantly decreasing the amount of data
traffic and reducing reliance on high-speed networks.

o Edge-based systems continue to function reliably even
in remote areas or during network outages, ensuring
uninterrupted monitoring and response capabilities.

e Sensitive operational data can be kept on the edge
device, minimizing exposure to external threats and
enhancing data confidentiality and system security
[20].

IVV. ENHANCING INFRASTRUCTURE LIFESPAN THROUGH Al

Lengthening infrastructure assets Al allows the use of
intelligence to power more informed data-driven decisions on
maintenance and asset management. The large amount of data
on loT sensors, satellite stations, and histories can be
processed by Al systems to identify the earliest signals of
structural wear and tear, infrastructural stress, or imbalances
in usage patterns. Al enables predicting possible failures and
suggesting the most efficient maintenance plans by using
predictive analytics and machine learning models that
guarantee timely responses avoiding costly damages to the
critical infrastructure and increasing its providing the critical
services [21]. Also, Al enables adaptive approaches that learn
and improve on an ongoing basis, enabling sustainability,
minimizing lifecycle expenditures, and maintaining
infrastructural system resilience within the long-term.

60

VOL. 34,NO.7,2025

A. Degradation Modeling and Lifetime Forecasting

The degradation modeling and lifetime forecasting based
on Al enable infrastructure managers to know more precisely
and efficiently the degradation of the assets. Machine learning
models are able to decode complex degradation patterns with
time by combining real-time sensing of a variety of parameters
(e.g., mechanical stress, temperature fluctuations, vibrations,
corrosion levels) with past inspection and maintenance-
reporting data. These are the predictive models which can
measure the Remaining Useful Life (RUL) of components of
the infrastructure with accuracy. These types of algorithms,
including Long Short Term Memory (LSTM) networks,
survival analysis algorithms, and ensemble methods,
including Random Forests and gradient boosting, are regularly
employed in these activities [22]. This prognostics capability
substitutes routine time-based maintenance plans with
intelligent, condition-based plans, and can also save a huge
amount of unneeded fixes, avoid unexpected breakdowns and
prolong the working life of assets. It can be applied to bridges
and tunnels, water pipelines and power grids, enhancing the
reliability and safety of assets. Al can facilitate more optimal
resource distribution, long-term decision-making and
sustainability by providing real-time information. Finally, it
facilitates pro-active and resource-efficient infrastructure
management to support the smart cities concept and digital
transformation.

B. Al-Supported Retrofitting Strategies

The strategy of retrofitting with the help of Al is also
rapidly changing the perspective on the infrastructure systems
evaluation, modernization, and maintenance. Among the most
important approaches should be condition-based retrofitting
where real-time sensor data, provided by the loT-enhanced
structural health monitoring systems, is used to identify the
most accurate moment and point of required measures. This
data driven approach can make the decision-making greatly
enhanced in a way that detects the patterns of deterioration as
it develop. The other significant development is on automated
damage detection in which computer vision and deep learning
models are implemented. These technologies can be used to
identify very fast and correctly surface-level irregularities like
cracks, corrosions and deformations, leaving less liability to
manual incapacitations [23][24]. Machine learning Strategy
Machine learning using predictive maintenance further
improves retrofitting approaches by predicting structural
degradation during the course of time. This helps the
engineers plan interventions in advance which minimizes the
risks and saves on costs. Besides this, simulation-based
optimization methodologies (genetic algorithms,
reinforcement learning) can be used to analyze several retrofit
scenarios and allow selecting the best-performing cost- and
resource-efficient  solutions. Importantly, prioritization
models allow for the prioritization of infrastructure assets
based on factors such as use relevance and failure probability.
Furthermore, the recommendation systems based on Al can
help in choosing the most appropriate retrofitting material and
methods, considering such variables as environmental
conditions, structural needs, and sustainability in the long run.
Together, these clever measures make infrastructure
retrofitting more powerful, productive, and flexible.
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C. Sustainability and Material Efficiency via Data-Driven
Design

One of the priorities of modern infrastructure is
sustainability, and data-driven design is one of the methods to
enhance the efficiency of material usage and diminish
environmental costs. Machine learning and Al examine huge
amounts of data on material characteristics, structural
performance, environmental factors and lifecycle costs to
assist engineers in smarter design decisions that maximize
waste reduction without compromising on safety or durability.
Generative design algorithms quickly test various design
options to find ones that consume lesser resources as well as
satisfy the stipulated standards. This eliminates the trial and
error activities and also streamlines the use of resources. Al
also considers sustainable materials depending on elements
such as need and location of the project, availability, and its
impact on the environment. To illustrate, it can recommend
low carbon concrete blends or winter leftover materials that
can keep the structure intact and reduce the emission of carbon
dioxide [25]. Moreover, predictive analytics enhance the
process of construction material forecasts, avoiding excess
orders and wastages. The methods are Al-solutions to
infrastructure projects, building them towards green building
and carbon reduction requirements, for long-term
sustainability. Taking the best of both worlds by means of
data-driven design and the consideration of the environment,
infrastructure can be made more economically, durable, and
support the practices of a circular economy.

V. LITERATURE REVIEW

This review explores deep learning and machine learning
architectures for adaptive infrastructure maintenance,
highlighting their predictive accuracy and improved decision-
making through sensor and operational data extraction:

Smith (2023) study highlights the advancement of Al-
driven predictive maintenance, which uses ML, DL, and
digital twins to detect early signs of equipment failure,
diagnose issues, and initiate corrective actions without human
intervention. This technology minimizes downtime, extends
equipment lifespan, and optimizes operational efficiency.
However, challenges like data security and model accuracy
need to be addressed for large-scale adoption[26].

Raza (2023) delves into the function of Al in industrial
systems predictive maintenance solutions. For accurate
failure prediction, Al can sift through massive amounts of data
collected by sensors and machinery. By enhancing operating
efficiency and decreasing downtimes, this revolutionary
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paradigm overcomes the shortcomings of conventional
reactive maintenance methods. The paper provides a historical
context of maintenance strategies, from rudimentary ‘fix-
when-broken' to predictive maintenance, emphasizing the
significance of technological advancements in this field [27].

Selvaraj, Venkataraman and Ganesan (2022) discusses the
integration of Artificial Intelligence, Edge, and Fog
computing in various sectors, including manufacturing. It
highlights the importance of Industry 4.0 and the potential of
Edge Al-based technologies in enhancing the manufacturing
ecosystem. Predictive maintenance, a proactive approach, is
discussed, focusing on predicting failures and saving costs.
The study proposes a robust predictive analytic framework for
integrating heterogeneous sensor data and predicting machine
health state [28].

Zinno et al. (2022) explores the use of Al in SHM systems
for bridges, a crucial transportation infrastructure. Conceptual
frameworks, benefits, problems, and current methodologies
are all part of the discussion on Al's potential to enhance state-
of-the-art data-driven SHM systems. Additionally, they draw
attention to the importance of Al for future SHM systems and
suggest avenues for study into Al-enhanced SHM [29].

Ren (2021) explores the increasing usage of predictive
maintenance over corrective and preventive methods. He
contends that traditional approaches to reliability
enhancement and maintenance optimization have drawbacks.
With an emphasis on well-known supervised learning and
reinforcement learning methods, this study explores the
benefits of machine learning in predictive maintenance. The
study ends by suggesting more research to improve
maintenance planning and prediction [30].

Asghari, Hsu and Wei (2021) research on asset
management systems (AMSs) focuses on optimizing
maintenance interventions for deteriorating infrastructure
assets. They propose a methodology replacing simulation
modules with a trained machine learning model, using deep
neural network models to estimate life cycle cost analysis
results. This method reduces optimization and LCCA
computation times, making complex AMSs more practical for
practical utilization [31].

Table Il summarizes key research on Al-driven
approaches for adaptive infrastructure maintenance,
highlighting challenges, practical applications, and future
directions for enhancing system reliability, fault prediction,
and infrastructure lifespan.

TABLE Il. RESEARCH SUMMARY OF LITERATURE REVIEW BASED ON MAINTENANCE AND LIFESPAN EXTENSION
Reference Focus Area Al Techniques Key Findings Identified Gaps Suggested Future Work

Smith (2023) Self-healing Digital Twins, RL, | Demonstrated Lack of standardized | Develop trusted and
systems in | Explainable Al autonomous fault | frameworks; limited trust | explainable self-healing Al
industrial PdM detection, real-time | in Al actions systems for scalable industrial

recovery use

Raza (2023) Predictive ML, DL (supervised & | Improved fault | Inadequate model | Create adaptive models with
analytics in | unsupervised) prediction and | generalization; high data | real-time learning and reduced
industrial maintenance planning dependency dependency on labeled data
systems

Selvaraj, Edge Al in smart | Edge ML, loT- | Offered low-latency | Hardware constraints; | Design resource-efficient Al

Venkataraman | manufacturing integrated learning inference for SMEs limited scalability models for edge computing

and Ganesan environments

(2022)
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Zinno et al. | Al in structural | Deep Learning, loT, | Enhanced anomaly | Environmental variability | Develop robust, explainable
(2022) health monitoring | Big Data Analytics detection and structural | affects performance; poor | models suitable for variable
(bridges) assessments interpretability physical conditions
Ren (2021) Maintenance Supervised Learning, | Boosted reliability | Lack of interpretability | Propose interpretable hybrid
optimization & | Reinforcement through predictive | and real-world validation | models  tested in live
reliability Learning modeling infrastructure settings
Asghari, Hsu | Life-cycle cost | Deep Neural | Accelerated life-cycle | Limited to bridge | Generalize DNN-LCCA
and Wei (2021) | optimization for | Networks analysis (LCCA) | datasets; lacks multi- | methods to other infrastructure
infrastructure computation domain validation types and decision systems
V1. CONCLUSION AND FUTURE WORK [8] M. van den Boomen, P. L. van den Berg, and A. R. M. Wolfert,
. . . “A dynamic programming approach for economic optimisation of
A new paraqllgm, Al-powered Sma_rt infrastructure repair lifetime-extending maintenance, renovation, and replacement of
offers greater risk and expense efficiency and sustainably public infrastructure assets under differential inflation,” Struct.
improves the lifespan of vital resources. With the addition of Infrastruct. Eng., vol. 15, no. 2, pp. 193-205, 2019.
machine learning, computer vision, digital twins and loT-  [9] L. Hernandez-Callejo, “A comprehensive review of operation and
based technologies, infrastructure systems will shift away (Cion_tfoh miil'menahce and lifespan (;néfpaEgement, gmli pllfzinnmggand
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