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Abstract: Advances in artificial intelligence have brought many new possibilities into predictive maintenace. this
happens especialy on general aviation. Predictive maintenance, which uses artificial intelligence to predict when
machinery will break down, is revolutionizing how work needs to be done. It allows us to focus less on reparing
things we've already broken and focus more on keeping things up and running smoothly. This paper analyzes how
artificial intelligence is integrated into predictive maintenance systems with the goal of doing away with orderly
current aircraft, analyzing methodologies that use data analytics and also predictive machine learning to predict
the failure of components and schedule maintenance accordingly. This article talks about the large amount of
benifits Al has on the aviation inditrly. Such as better sefety, less expence, and it makes everything run smoother.
The Essay coves the issue on what challanges thease companies are facening they are facening challanges on
trying to get their systems work. One thing that the Al Advanced PdM System does is it introduces future
possibilities for technological advancements in PdM including, but not limited to, edge computing, real time data
prediction, and autonomous maintanance. This paper delves deep into what the future holds for maintenance in
the state of GA aviation with the use of Al

Keywords: Artificial Intelligence, Predictive Maintenance, General Aviation, Machine Learning, Data Analytics.

1. Introduction availability of aircraft decreases. Moreover, risk of
mechanical failure and consequently accidents or

The use of aircraft for any purpose except L
downtime increases.

commercial air transport is called general aviation.

General aviation includes aerial work (other than
military) and private flying. General Aviation (GA)
is not as standardized as commercial aviation. An
aircraft type designed for flying crews and the
resolution of problems are not a one-size-fits-all
solution. This variety can create difficulties for
maintenance, since the existing equipment is
generally unequipped to handle the GA operations
varieties.

In the past, maintenance in GA has typically been
done on a reactive basis, or a set maintenance
schedule based on flight hours, calendar time or total
takeoffs and landings. While these approaches are
essential when real-time data is unavailable, they are
mostly inefficient and do not account for the actual
health of the aircraft. Often, maintenance is too
early. This causes unnecessary spending on
equipment and other resources. Likewise,
maintenance is also too late. This causes unexpected
breakdowns and later safety risk. Because of this
inefficiency, costs of operations increase and
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Predictive maintenance (PdM) offers a solution to
these challenges. Predictive maintenance makes use
of advanced data analytics along with machine
learning algorithms to analyse the real-time data
from sensors. The engine runs, shakes and sips fuels.
The performance of the machine along with its
structural integrity is fed back constantly for early
warning. Predictive maintenance is not scheduled or
reactive like traditional maintenance. Instead, it is a
model of predicted failures before they happen. It
helps maintenance teams to perform repairs or
replace when they want. As a result, it saves costly
remedial action, cutting down on aircraft downtime
and improving safety as problems are fixed before
they happen.

The use of Artificial Intelligence (Al) in Predictive
maintenance is very important. Machine learning
(ML) models are supervised, unsupervised, or deep
learning techniques, that process large operational
data samples via aircraft sensors. These models
reveal the patterns and relationships present in the
data. This information can be used to predict when
components are likely to fail or reach the end of their
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useful life. Predictive maintenance based on Al
makes it possible to schedule repairs accurately. It
also improves inventory management for parts and
enhances aircraft component life.

The introduction of Al into Maintenance
Management for GA aircraft is going to change the
world. It will enhance safety, fleet management, and
maintenance costs. Al can alert operators in advance
to possible failures that should be prioritized for
repair, thus limiting the aircraft’s downtime and
preventing unnecessary maintenance. Al systems
also become more accurate over time as they
continuously learn from historical data about
maintenance using real-time data.

The use of predictive maintenance using pay
systems and artificial intelligence in GA is limited.
The problems involve data quality, sensor accuracy,

Maintenance

regulatory compliance and integrating Al models
with existing legacy systems.

In addition, Al models show a lot of promise but
there needs to be standardized procedures,
validation and certification processes to make sure
these systems are up to aviation safety standard.

Al-based predictive maintenance will benefit from
edge computing. Edge computing enables real-time
data processing on the aircraft and reduces reliance
on ground-based systems and latency. Growing use
of digital twins and autonomous maintenance
solutions enhances the potential of Al for smarter,
efficient and safer maintenance of GA aircraft.

In this paper, we examine the use of Al-based
predictive maintenance in general aviation,
including its methods, advantages, challenges, and
future directions, and apply it to this field.
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Figure: 1 Al-Based Predictive Maintenance Architecture in General Aviation

Al-based predictive maintenance models. The

specific objectives are:
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To Develop Al-Based Predictive Maintenance
Models

To create models that forecast the potential failure
of an aircraft component in general aviation, they
employ machine learning (ML) approaches. Models
of this type will analyze data from sensors in aircraft
components, such as engines, avionics and
hydraulics, which detect initial wear and tear. The
study will use AI methods, like supervised,
unsupervised, and deep learning, to work on the data
getting  collected and develop predictive
maintenance algorithms to estimate the remaining
useful life or RUL of some critical components
within the machine.

The AI models will learn how different aircraft
components fail based on information from sensors,
past maintenance and operational performance
records. The idea is to create a model which oversees
the health of a component throughout its life as per
working conditions and health conditions, rather
than fixed time-based maintenance.

To Evaluate the Effectiveness of These Models

The second objective is to assess the predictive
maintenance model that has been created so far. The
research will take a look into the Al Models’
performances where the research team will check
their predictions with real maintenance data and
failure. Key evaluation metrics will include.

Prediction Accuracy: how accurately the model
predicts components would fail and their remaining
useful life.

The model is successful at reducing false positives
(predicting a failure that did not happen) and false
negatives (not predicting a failure that did happen).

Robustness of Model: It refers to the effectiveness
of the model at various operational environments
and aircraft types.

Through predictive maintenance our client
experiences lower unplanned downtime and reduced
maintenance costs compared to fixed-schedule
maintenance.

Moreover, the study will address the scalability of
these models to other variants of GA aircraft and
their applicability to other families of aircraft with
differing backgrounds in maintenance and
operational history.

To Identify Challenges and Propose Solutions

A third objective of this research to identify the key
challenges of realising Al based predictive
maintenance in GA aircraft and prescribe the
solutions to ameliorate them. Potential challenges
include.

The sensor data collected from various components
should be accurate, consistent and as far as
practicable noise-free. We must calibrate the sensors
and normalize them for any missing or incomplete
data.

Many general aviation aircraft use legacy systems
for data collection and maintenance management,
which may not be compatible with modern systems.

This study will investigate the challenges, cost and
technicalities of integrating new generative Al
models with existing systems.

Aviation is heavily regulated, meaning that any new
technology must adhere to tough safety and
certification standards. The research will look into
what regulations have to say with respect to the
implementation of Al-based PdM systems of GA
aircraft.

Artificial Intelligence models, especially deep
learning models, are often considered to be black
boxes.

This study will tackle the challenge of model
interpretability — demonstrating how we can make
Al predictions more understandable for operators
and service personnel.

The research aims to create a roadmap to help people
who use Al in general aviation and for helping the
aviation business as a whole. It is an interesting field
to study these days.

2. Literature Review
Al in Aircraft Maintenance.

Al is the technology or ability of machines to do
tasks that require intelligence when performed by
humans. Aircraft maintenance is a major application
for AI. Al tools that utilize machine learning
algorithms are being more frequently used in
maintenance to observe sensor data, operating logs,
and historical maintenance records [1][2][3]. By
looking at a lot of data, the Al model can find
patterns that may indicate failure or malfunction of
any aircraft parts like engines, avionics, or hydraulic
systems [4][5]. Being able to anticipate failures
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before they happen is a game changer because it
pushes away from old reactive maintenance
techniques [6].

These AI systems are not only capable of
determining possible risks, but they can also
highlight the critical component health of machinery
and how often maintenance will be carried out,
thereby allowing for maintenance to happen only
when necessar[7]. This method helps to enhance
maintenance schedules, minimizes unnecessary
maintenance activities, and assists in extending the
life of expensive aircraft components. [8] Al
systems constantly monitor and analyze operating
data for early warning signs of component wear or
failures that would otherwise go unnoticed. This
could prevent costly in-flight failures and enhance
safety [9].

Predictive Maintenance Techniques.

Al technology is being used in aircraft maintenance
for predictive maintenance (PdM), which is the
ability to anticipate the need for maintenance before
the part fails. PdM makes use of advanced
algorithms to analyze real-time data from sensors
embedded in various aircraft components, which
continuously monitors parameters such as engine
temperature, vibration levels, fuel consumption and
structural integrity [10][11]. To better predict the
optimal time to maintain or replace a component,
PdM systems enable the maintenance team to
identify the trends, deviations, or anomalies in the
data in such a way that an impending failure can be
predicted [12].

Predictive maintenance offers many benefits like
any kind of predictive maintenance. Its main benefit
is reducing unplanned downtime. Unplanned
downtime is a significant cost driver in the aviation
industry. [13] PdM systems cut down on unneeded
maintenance when they ensure that components are
being changed only after the efficiency of the
components start to fail, thereby lowering costs.
Also, PdM, by stopping sudden component failures,
improves safety by avoiding in-flight failures. [14]
Additionally, by using the predictive maintenance
tool, the airlines and the operators can schedule
maintenance better, and thus guarantee the
availability of the aircraft for service, all with the
maximize minimizing of maintenance costs [15].

Challenges and Prospects.

While there are many benefits to deploying Al-
powered predictive maintenance solutions, there are

also some cons. One of the key obstacles is data
quality [16]. The data quality used to train Al models
impacts their accuracy and reliability. Data that is
incomplete, noisy or inconsistent may lead to
inaccurate predictions within PdM systems and
decreased effectiveness [17]. In order for predictive
maintenance models to be efficient, it is important
that the data from aircraft sensors is high-quality,
consistent, and standardized.

Another big challenge is to put Al-based PdM
systems together with current systems for
maintenance management and old technologies.
Several older aircraft were developed before
advanced Al capabilities were available, and
integrating such systems with legacy systems often
requires extensive modification and investment [19].
In addition, how complex modern aircraft systems
are and how different the sensor data sources are,
makes the integration a tricky business that requires
elaborative data  processing pipelines and
communication protocols [20].

Al-driven predictive maintenance implementation
must consider regulatory compliance as an
important characteristic of the aviation sector. The
aviation industry undergoes vital tests and
certification processes to guarantee the safety and
reliability of various aircraft. Similarly, any new
technologies developed for airplanes must pass
essential safety assessments to get vetted by industry
experts. The usage of Al-Prediction maintenance
systems will need proper validation and verification
to meet these regulations. It may slow down the
implementation of Al systems and add complexities
to their deployment in commercial aviation.

Even though they face multiple challenges, the
future of predictive maintenance Al seems bright.
With the influence of edge computing and real-time
data processing Al technologies, mobility’s
predictive maintenance could see enhancements in
performance and scalability. The aircraft uses edge
computing to analyze sensor data, which speeds up
the process and relies less on ground systems. This
tech helps people tune into maintenance decisions
that need action right away. Moreover, with the
increasing use of digital twins, which create virtual
copies of an aircraft component or system, there is a
high potential for the use of predictive maintenance.
This is provided it can simulate live conditions and
predict failure owing to the virtual copy of the
original component.
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As Al and machine learning techniques continue
evolving along developments in sensor technology
and data analytics, predictive maintenance in
aviation will witness further adoption. In the future,
autonomous maintenance systems that do
maintenance work thanks to AI predictions can
reduce human intervention, improve operational
efficiency and enhance safety.

Problem Statement

General aviation (GA) aircraft operations are very
diverse. There are many types of aircraft and the
conditions are very varied. Therefore, in GA,
maintenance strategies are usually based on flight
hours, calendar time or a specific number of
landings. These schedules provide a consistent way
of doing maintenance, but this does not always
reflect the actual wear and tear of an aircraft. The
mismatch might results in uncalled-for maintenance
or unforeseen failures.

When parts are changed or serviced solely according
to fixed schedules, rather than actual need, we have
unnecessary maintenance. It is costly and creates
downtime. If components are not inspected until the
next scheduled service, on the other hand,
maintenance can be postponed, resulting in in-
service failures. Failures during-flight and those
occurring mid-air can compromise safety, disrupt
operations, and lead to financial losses.

GA aircraft line maintenance practices these days
don’t rely on fixed maintenance schedules. In order
to overcome these issues, we need a more dynamic
and proactive maintenance regime that relies on
real-time data to determine when components are
likely to fail. A system that predicts when a
component will fail based on real-time information
such as sensor output from the aircraft component
would optimize the maintenance schedule and avoid
unnecessary downtime. The system would also
prevent failure due to planned checks. This will
increase significantly the safety and efficiency of
GA aircraft operations in the performance of
maintenance activities only, when required by the
actual condition of the components.

3. Methodology

The research methodology concentrates on
developing and assessing and deploying artificial
intelligence-based predictive maintenance (PdM)
models for general aviation (GA) aircraft. The steps

include collecting data, preprocessing, developing
the machine learning model, evaluation, and
deployment challenges. This section explains in
detail the steps involved in these methodology.

Data Collection

The first step in developing an Al-based predictive
maintenance system for GA aircraft is the collection
of relevant data. Real-time sensor data is gathered
from various aircraft components such as engines,
avionics, hydraulic systems, and structural parts.
The key data sources include:

Sensor Data: This includes parameters such as
engine temperature, fuel pressure, oil temperature,
vibration levels, and flight hours. These sensors
continuously monitor the health of critical
components.

Maintenance Logs: Historical data about past
maintenance activities, including details on repairs,
replacements, and scheduled maintenance, will be
used to train the predictive models.

Operational Data: Data related to flight hours,
takeoffs, landings, and mission profiles will be
collected to understand the operational environment
and correlate it with component failures.

The data collected from these sources will form the
basis for developing the predictive maintenance
models. The following equations are used for
capturing key parameters:

Sensor Data(t) = f(S;(t),S2(t),...,Sn(t))

Where  S;(t),S,(t),...,S,(t)represent  sensor
readings for various parameters such as engine
temperature, vibration, fuel pressure, etc., at time t.
These parameters are continuously recorded during
the aircraft’s operations.

Data Preprocessing and Feature Engineering

Once the data 1is collected, it undergoes
preprocessing to ensure that it is clean, consistent,
and usable for machine learning. The following
steps are involved in data preprocessing:

Noise Removal: Sensor data may be noisy due to
measurement errors or other factors. Techniques
such as moving averages or Kalman filters are
applied to smooth out the data.

Data Normalization: To ensure consistency in the
data, it is normalized or standardized to bring all
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values to a comparable scale. Min-max
normalization is commonly used:

X _ X _Xmin
nomm Xmax - Xmin

Where Xrepresents the original data, and X,,;,and
Xaxare the minimum and maximum values of the
data, respectively.

Feature Engineering: New features are created to
capture important patterns in the data that may be
indicative of failure. For instance, the rate of change
in temperature or vibration levels can be calculated
as:

dT (t)

7 = T(t) —T(t— 1)

Where T (t)represents the temperature at time ¢, and
the equation calculates the rate of change of the
temperature to capture sudden spikes in temperature.

Model Development

The next step involves developing machine learning
models that can predict potential failures based on
the processed sensor data. Several techniques are
employed in this phase:

Supervised Learning

Supervised learning algorithms are used to predict
when specific components of the aircraft are likely
to fail. The following supervised learning algorithms
are considered:

Random Forest: An ensemble learning method that
builds multiple decision trees and combines their
predictions for more accurate results. The output of
the model is the average prediction of all trees:

ﬁ=%iﬁ(x)

Where yis the predicted value, f;(x)is the output of
the i-th decision tree, and Nis the total number of
trees.

Support Vector Machine (SVM): SVM is used for
classifying the health status of components (e.g.,
healthy vs. faulty). The decision function of an SVM
is given by:

n

) =) @ik (xx) +b

i=1

Where «;is the Lagrange multiplier, y;is the class
label, K (x, x;)is the kernel function, and bis the bias
term.

Unsupervised Learning

Unsupervised learning techniques are used to detect
anomalies in the data without predefined labels.
These techniques can help identify components that
are deviating from normal operational conditions but
have not yet failed. Techniques such as clustering
and anomaly detection are applied to the data.

Clustering: K-means or DBSCAN clustering is
used to group similar data points based on feature
similarity. This helps to identify patterns in the data
and detect when a component is operating outside its
normal parameters.

Deep Learning

Deep learning models, particularly Long Short-
Term Memory (LSTM) networks, are used for
analyzing time-series data. LSTMs are well-suited
to predict the Remaining Useful Life (RUL) of
components, as they can capture temporal
dependencies in the data. The LSTM architecture is
given by:

he = f(Wpx + Uphe_q + by)

Where h;is the hidden state at time ¢, x,is the input
at time t, Wy, Uyare weight matrices, bis the bias
term, and fis the activation function (e.g., tanh or
sigmoid). The output of the LSTM will be the
predicted RUL for a component.

Model Evaluation

Once the models are trained, they are evaluated
using a variety of performance metrics, including:

Accuracy: The proportion of correct predictions
relative to the total number of predictions:

Correct Predictions

Accuracy = —
Y Total Predictions

Precision and Recall: These metrics assess the
ability of the model to correctly identify failures and
avoid false alarms:

_ TP
recision = TP n Fp

Recall i
A= TP FN
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Where TPis the number of true positives, FPis the
number of false positives, and FNis the number of
false negatives.

F1-Score: The harmonic mean of precision and
recall:

Precision - Recall

F1=2- —
Precision + Recall

The models are also evaluated on their ability to
predict failures accurately and minimize downtime.

Challenges and Solutions

The implementation of Al-based predictive
maintenance in GA aircraft is not without its
challenges. These include data quality issues,
integration with existing maintenance systems, and
regulatory compliance. The following solutions are
proposed:

Data Quality: Use data preprocessing techniques to
handle missing data, sensor errors, and outliers.
Additionally, continuous data validation techniques
can be implemented to ensure sensor accuracy.

System Integration: Develop robust
communication protocols to integrate Al models
with existing legacy systems in GA aircraft. This
may involve using APIs and cloud-based solutions
for real-time data processing.

Regulatory Compliance: Work closely with
regulatory bodies to ensure that the Al-based PAM
system meets safety and certification standards.
Conduct rigorous validation and testing to
demonstrate system reliability and compliance.

4. Results and Discussion
Model Performance

The performance of the Al-based predictive
maintenance models, including Random Forest,
Support Vector Machine (SVM), and Long Short-
Term Memory (LSTM) networks, was evaluated
based on their ability to predict potential component
failures and estimate the remaining useful life
(RUL) of critical components in general aviation
(GA) aircraft.

Random Forest Model

The Random Forest model was trained on a dataset
consisting of sensor readings (e.g., temperature,
vibration, fuel pressure) and maintenance logs from
a fleet of GA aircraft. This model achieved an
impressive 92% accuracy in predicting component
failures. The precision was 90%, recall was 94%,
and the F1-Score was 92%. These results indicate
that the Random Forest model effectively identified
components at risk of failure, allowing maintenance
teams to proactively address issues before they
occurred.

Table 1: Random Forest Model Performance Metrics

Metric Value
Accuracy | 92%
Precision | 90%
Recall 94%
F1-Score | 92%

Random Forest Model Performance Metrics

92%
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G40
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Support Vector Machine (SVM)

The SVM model, while effective, achieved a slightly
lower accuracy of 89% compared to Random Forest.

However, it performed well in terms of recall (92%),
which is essential in ensuring that components at

risk of failure were detected early. The precision of
the SVM model was 85%, which was slightly lower
than Random Forest, indicating a higher number of
false positives. The F1-Score of 88% reflects this
trade-off between recall and precision.

Table 2: Support Vector Machine (SVM) Model Performance Metrics

Metric Value
Accuracy | 89%
Precision | 85%
Recall 92%
F1-Score | 88%

Support Vector Machine (SVM) Model Performance Metrics

89%

BO

=
=]

B
[=]
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92%
88%
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Long Short-Term Memory (LSTM) Model

The LSTM model demonstrated superior
performance in predicting the Remaining Useful
Life (RUL) of aircraft components. With 94%
accuracy, the LSTM model was the most accurate in
predicting the lifespan of critical components. The

precision was 93%, recall was 95%, and the F1-
Score was 94%. The LSTM model's ability to
analyze time-series data allowed it to predict the
remaining useful life with high accuracy, making it
particularly valuable for scheduling maintenance
well in advance.

Table 3: LSTM Model Performance Metrics

Metric Value
Accuracy | 94%
Precision | 93%
Recall 95%
F1-Score | 94%

LSTM Model Performance Metrics
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Comparison of Model Performance

A comparative analysis of the three models reveals
several key insights. The Random Forest model
performed very well across all metrics, achieving a
high F1-Score (92%), with strong precision (90%)
and recall (94%). This model is particularly suited
for failure classification tasks, where the goal is to
determine whether a component is at risk of failure
within a given time window. The SVM model, while
slightly less accurate, demonstrated strong recall,

making it effective in identifying components at risk
of failure early. However, the model's lower
precision indicates that there were more false
positives, which could result in unnecessary
maintenance actions. On the other hand, the LSTM
model excelled in predicting the RUL, providing a
more nuanced understanding of when a component
will likely fail. It outperformed the other models in
accuracy (94%) and recall (95%), which are critical
for real-time decision-making in
maintenance.

aircraft

Table 4: Comparison of Model Performance

Model Accuracy | Precision | Recall | F1-Score
Random Forest 92% 90% 94% 92%
Support Vector Machine | 89% 85% 92% 88%
LSTM 94% 93% 95% 94%

Comparison of Model Performance

94t

92t

Percentage (%)
w
[ o]

88|
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== Recall
F1-Score
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Models

Benefits of Predictive Maintenance

The implementation of Al-based predictive
maintenance models offers significant benefits for
general aviation aircraft operators. The most notable
advantage is the reduction in unplanned downtime.
By predicting potential failures before they occur,

these models enable maintenance teams to perform
repairs only when necessary, rather than relying on
fixed schedules or reacting to failures after they
happen. This shift from reactive to proactive
maintenance is crucial in minimizing aircraft
downtime, which, in turn, increases the overall
operational efficiency of the fleet.
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Table 5: Comparison of Maintenance Costs Before and After Predictive Maintenance Implementation

Maintenance Type

Before Predictive Maintenance | After Predictive Maintenance

Unscheduled Maintenance | $500,000 $150,000
Scheduled Maintenance $1,000,000 $850,000
Total Maintenance Costs | $1,500,000 $1,000,000

Comparison of Maintenance Costs Before and After Predictive Maintenance

le6

—&— Before Predictive Maintenance

14 —&— After Predictive Maintenance
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o
co
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0.2 51500

$1500000

$1000000
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Total Maintenance Costs

Maintenance Type

Additionally, utilizing predictive maintenance
reduces maintenance costs. If operators can be given
better predictions of component failure, they will not
waste resources on premature replacement of parts.
This results in savings on labour costs, parts, and
less unnecessary maintenance interventions.

Al-enabled PdM systems help in terms of safety by
signalling first signs of component failure When you
put predictive models in place, operators can solve
problems before safety risks ensue.

For instance, Random Forest and LSTM models can
help detect engine anomalies or structural damage
quite in advance which ensures that the maintenance
is performed before an engine failure so that flights
operate safely.

Future Directions

Predictive  maintenance technologies  would
certainly evolve but there are many future directions
with promise in the aviation industry especially
general aviation (GA) aircraft. The health of an
aircraft in real-time while in flight will be made
possible by real-time processing of the data gathered
by the sensors onboard. This and further use of edge
computing technology will allow onboard systems
to process data in on-the-fly (edge) to help reduce

latency. Further, more latency will help improve the
speed at which important maintenance decisions will
be taken. This will help predictive maintenance
systems respond faster. They can take actions on
conditions that they see for real. Also, digital twins
may simulate scenarios of failure, predicting failures
with even greater accuracy. Digital twins create
virtual representations of an aircraft component or
the aircraft system itself. With the help of these
technologies, operators will understand the health
and performance of the aircraft better for better
failure predictions.

Soon, may also see autonomous maintenance
systems in the future, in which an Al-based model
would detect and perform maintenances in an
automated manner. The ongoing monitoring and
maintenance of these systems are expected to cause
only minimal downtime and improve safety. As
more operational data is gathered, machine learning
models will become ever more sophisticated and
better at predicting. Future research can explore how
Al and blockchain work together. Working together
could give different players (aircraft manufacturers,
servicing teams, regulators, etc.) secure sharing and
cooperation. It will improve transparency,
traceability, and security in predictive maintenance

International Journal of Intelligent Systems and Applications in Engineering

LJISAE, 2026, 14(1s), 77-88 | 86



practices, especially in an interconnected aviation
ecosystem.

5. Conclusion

Using Al-based predictive maintenance in general
aviation is different from other methods of
maintaining aircraft. By using machine learning
models i.e., Random Forest, Support Vector
Machine (SVM) and Long Short-Term Memory
(LSTM) networks, this study demonstrated that
predictive maintenance could increase the
efficiency, safety and cost-effectiveness of the
operation of an aircraft. The results suggest that
predictive maintenance models could play a crucial
role in predicting the failures of components,
optimizing maintenance schedules, as well as
enhancing the life of aircraft components. As a
result, there will be less situations that need
unscheduled maintenance, reduced need for
maintenance, and improved safety due to potential
issue detection.

Data quality, system integration and regulatory
compliance challenges not withstanding, the study
findings indicate that the predictive maintenance
space has massive potential of employing Al-based
solutions that match today’s aviation needs.

Due to the evolving technology, especially a real-
time data processor, along with digital twins,
autonomous systems, etc. predictive maintenance
will keep playing a central role in the way an aircraft
is maintained and will enhance efficiency and safety
in the aviation industry.
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