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Abstract

Purpose: The purpose of this article was to analyze optimizing machine learning algorithms for
predictive maintenance in industrial systems in UK

Methodology: This study adopted a desk methodology. A desk study research design is commonly
known as secondary data collection. This is basically collecting data from existing resources
preferably because of its low cost advantage as compared to a field research. Our current study
looked into already published studies and reports as the data was easily accessed through online
journals and libraries.

Findings: Optimizing machine learning algorithms for predictive maintenance in industrial
systems in the UK has shown significant potential in improving operational efficiency and
reducing downtime. Key findings suggest that leveraging techniques like anomaly detection,
supervised learning, and deep learning models can enhance the accuracy of predicting equipment
failures. The integration of real-time data from sensors and 10T devices enables more proactive
maintenance schedules, minimizing unplanned outages.

Unique Contribution to Theory, Practice and Policy: Theory of predictive analytics, machine
learning theory & systems theory may be used to anchor future studies on the optimizing machine
learning algorithms for predictive maintenance in industrial systems in UK. In practice, industry
practitioners should prioritize integrating machine learning models into real-time monitoring
systems, which would allow for continuous updates and immediate responses to emerging failure
risks. At the policy level, there is a clear need for the establishment of industry-wide standards for
the implementation of machine learning in predictive maintenance.

Keywords: Optimizing Machine Learning Algorithms, Predictive Maintenance, Industrial
Systems
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INTRODUCTION

Predictive maintenance (PM) is a crucial strategy for reducing equipment downtime and
optimizing maintenance costs in industrial settings. The accuracy of predictive maintenance is
typically measured by prediction accuracy or failure detection rate. Prediction accuracy refers to
the percentage of correct predictions about equipment failures, while failure detection rate refers
to the percentage of failures identified before they occur. For example, in the USA, the
manufacturing sector has been significantly enhanced by PM systems, with a 25-30% reduction in
maintenance costs and a 70-75% reduction in downtime due to accurate failure predictions (Smith,
2020). In Japan, industries like automotive manufacturing use predictive maintenance techniques
integrated with 10T sensors, achieving up to 90% prediction accuracy for machinery failure,
significantly improving operational efficiency (Tanaka & Sato, 2019). The integration of machine
learning algorithms with sensor data allows real-time analytics, thus increasing the reliability of
maintenance schedules and reducing the risk of unexpected breakdowns.

In the UK, the implementation of predictive maintenance in railway systems has led to notable
improvements in reliability. The UK’s National Rail has adopted predictive analytics using loT
devices for early failure detection, resulting in a 40% improvement in train service availability.
Additionally, predictive maintenance technologies have been instrumental in the aerospace
industry in the USA, where they contribute to a 20% reduction in unplanned engine repairs, as
reported by Boeing in 2021 (Boeing, 2021). These statistics highlight the increasing trend towards
predictive maintenance adoption in developed economies, driven by the advancements in data
analytics, machine learning, and loT technologies. The trend reflects not only a cost-saving
measure but also an improvement in operational reliability and safety.

In developing economies, the adoption of predictive maintenance has been slower but is gaining
traction, particularly in sectors such as mining, agriculture, and manufacturing. For example, in
India, predictive maintenance is being used in large-scale manufacturing plants with an accuracy
rate of 65% for failure detection (Chakraborty & Saha, 2019). This adoption is more limited in
scope but is starting to show significant potential, especially in reducing downtime and minimizing
the need for costly repairs. The key challenge for these economies remains the limited availability
of data infrastructure and advanced analytical tools, which impacts the overall accuracy of PM
systems. Nonetheless, as data processing capabilities improve, industries in countries like Brazil
are seeing the potential for predictive maintenance to reduce maintenance costs by up to 18% and
increase operational efficiency (Borges, 2020).

In South Africa, predictive maintenance has been applied to the mining sector, with a reported
15% improvement in machinery uptime and a 10% reduction in repair costs in the past five years.
The adoption of loT-based maintenance systems in the textile industry in Bangladesh has also
resulted in a 12% improvement in machine reliability, though the overall scale is much smaller
than in developed economies. The trend in developing economies indicates a growing interest in
predictive maintenance, albeit with some limitations due to infrastructure constraints and resource
availability. However, the potential for cost savings and increased efficiency remains significant,
as these economies continue to modernize their industrial capabilities. As more companies in
developing regions invest in digitalization, predictive maintenance systems are expected to see
improved accuracy and efficiency over time.
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In Sub-Saharan Africa, the use of predictive maintenance is still in its infancy but shows promise,
particularly in the energy and agriculture sectors. In Nigeria, for example, predictive maintenance
is being applied in the oil and gas sector, where it has been estimated that predictive systems have
led to a 10% increase in equipment availability (Adediran & Akinyemi, 2019). However,
challenges such as limited infrastructure and insufficient access to advanced data analytics tools
continue to impede the widespread adoption of predictive maintenance technologies. In Kenya,
predictive maintenance is being utilized in agriculture to monitor irrigation systems, with success
in reducing failure rates by approximately 20%, thereby enhancing crop production (Mwangi,
2020). Despite these promising developments, widespread implementation remains a challenge
due to issues such as poor data quality and the high cost of advanced technologies. In Ghana,
predictive maintenance is making strides in the power generation sector, where it has contributed
to a reduction in unscheduled downtime by 12%. In Zambia, predictive maintenance applications
are being tested in the mining industry, with early results showing a potential 18% improve ment
in equipment uptime. The use of predictive analytics is slowly gaining ground in these economies,
though the technological adoption rates are still low. As data infrastructure improves and
affordable solutions become available, it is expected that predictive maintenance will increasingly
play a role in optimizing industrial operations across Sub-Saharan Africa. The shift towards
digitalization in this region holds great potential for improving predictive maintenance systems'
accuracy and efficiency.

In predictive maintenance, machine learning (ML) algorithms play a crucial role in enhancing
prediction accuracy and failure detection rates. Four commonly used types of ML algorithms are
Random Forest (RF), Support Vector Machine (SVM), Neural Networks (NN), and Decision Trees
(DT). Random Forest is an ensemble learning method that works by constructing multiple decision
trees, providing more stable and accurate predictions. SVM is a supervised learning model that
classifies data points by finding the optimal hyperplane, often used in binary classification tasks
for failure detection. Neural Networks, particularly deep learning models, excel at recognizing
complex patterns in large datasets and are highly effective for time-series data, making them
suitable for failure prediction in equipment. Each of these algorithms has distinct characteristics
that impact their effectiveness in predictive maintenance. Random Forest is known for its
robustness in handling noisy data and producing high accuracy in real-world industrial settings
(Ganaie, 2020). SVM offers high prediction accuracy in cases with clear margin separation but
may struggle with large datasets (Xia, 2018). Neural Networks, particularly deep learning models,
show superior performance in detecting intricate patterns in sensor data and are highly accurate
for complex maintenance predictions, although they require large amounts of labeled data. Finally,
Decision Trees, while less complex, are easy to interpret and are particularly valuable when data
is less abundant. These algorithms significantly improve the predictive maintenance systems’
accuracy by enhancing failure detection and reducing unplanned downtimes.

Problem Statement

The increasing complexity and scale of industrial systems have made traditional maintenance
approaches inefficient, resulting in significant downtime, higher operational costs, and
unanticipated equipment failures. While predictive maintenance (PM) powered by machine
learning (ML) offers a promising solution to these challenges, the optimization of ML algorithms
for industrial applications remains a critical issue. Machine learning models, such as Random
Forest, Support Vector Machines, and Neural Networks, have demonstrated varying degrees of
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success in failure prediction; however, their performance can be inconsistent due to factors such
as the quality of input data, computational limitations, and the ability to generalize across different
industrial environments (Zhang, 2020; Liu, 2021). Additionally, achieving high accuracy in
predicting maintenance needs while minimizing false positives and negatives remains a persistent
problem, particularly when dealing with imbalanced datasets and noisy sensor data. Despite the
advancements, there is a lack of comprehensive studies that focus on the optimization of these
algorithms specifically for predictive maintenance in industrial systems, leading to suboptimal
decision-making and increased operational risks (Gupta, 2021). Addressing these gaps through the
optimization of ML algorithms can enhance the reliability, cost-efficiency, and safety of industrial
operations.

Theoretical Review
Theory of Predictive Analytics

The theory of predictive analytics focuses on the use of historical data to make informed
predictions about future events. This theory emphasizes extracting meaningful patterns from past
performance data and applying these insights to forecast potential failures or operational issues.
Originating from the fields of statistics and data science, predictive analytics has become an
essential tool in various industries, including manufacturing and maintenance. For the research on
optimizing machine learning algorithms for predictive maintenance, this theory is particularly
relevant, as it provides the foundation for using historical equipment data to predict future
maintenance needs. By leveraging predictive analytics, machine learning models can be trained to
recognize failure patterns, ultimately improving maintenance schedules and reducing downtime in
industrial systems. (Bose & Mahapatra, 2020).

Machine Learning Theory

Machine learning theory is centered on the idea that algorithms can learn from data to improve
their performance over time. This theory, which originated from computer science and artificial
intelligence, posits that machines can recognize patterns in large datasets and use these insights to
make predictions or decisions without explicit programming. In the context of predictive
maintenance, machine learning algorithms, such as Random Forest, Neural Networks, and Support
Vector Machines, are applied to sensor data to identify trends and predict failures. The theory’s
relevance lies in its direct application to optimizing machine learning models for maintenance
tasks, where continuous learning from new data allows models to improve their accuracy in failure
detection. This approach helps to achieve more reliable predictive maintenance systems in
industrial environments. (Jouini, 2021).

Systems Theory

Systems theory, developed by Ludwig von Bertalanffy in 1968, focuses on understanding the
interactions between various components of a system rather than viewing them in isolation. This
theory underscores the idea that a system is more than the sum of its parts and that the relationships
between components can significantly impact system behavior. In the context of predictive
maintenance, Systems Theory is highly relevant as it highlights the interconnectedness of
components such as sensors, data storage, and machine learning algorithms. Optimizing machine
learning models for predictive maintenance requires considering the whole system’s dynamics to
improve prediction accuracy and maintenance effectiveness. This holistic approach ensures that
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predictive maintenance systems are more efficient by taking into account how various factors
influence each other within industrial operations. (Kumar & Bansal, 2022).

Empirical Review

Bose & Mahapatra (2020) optimized machine learning algorithms for predictive maintenance in
manufacturing systems, focusing on identifying the most effective algorithm for failure prediction.
They explored several machine learning models, including Random Forest, Support Vector
Machines (SVM), and Neural Networks, applied to industrial data collected from factory machines
and sensors. The methodology involved preprocessing data from the factory floor, including time-
series data from sensors monitoring temperature, vibration, and pressure, to predict potential
failures. The researchers used a case study approach, applying these algorithms to real-world data
from a manufacturing plant. The findings showed that Random Forest provided the highest
accuracy in predicting equipment failure when compared to SVM and Neural Networks.
Specifically, Random Forest was able to accurately predict failures with a success rate of 85%,
while Neural Networks showed a lower rate of 70%. Additionally, SVM performed moderately
well but struggled with noise and data imbalances, which affected its overall accuracy. The study
concluded that ensemble methods, such as Random Forest, were the most reliable choice for
predictive maintenance in industrial settings. They also recommended using data preprocessing
techniques to reduce noise and improve model accuracy. For instance, techniques like feature
engineering and normalization can enhance the model’s ability to detect subtle patterns in data.
Another recommendation was the integration of these machine learning models with real-time
monitoring systems to enable continuous learning and immediate adjustments in maintenance
schedules. The study emphasized that by using these algorithms, manufacturers can significantly
reduce downtime and increase the efficiency of their operations. In terms of future work, the
authors proposed further optimization of machine learning models to handle even larger datasets
and more complex systems. Finally, they suggested that hybrid models combining multiple
machine learning techniques could offer superior results.

Jouini  (2021) evaluated and compare various machine learning algorithms for predictive
maintenance in industrial systems, particularly focusing on wind turbines. The researchers used a
combination of SVM, Random Forest, and k-Nearest Neighbors (k-NN) on sensor data collected
from operational turbines. The methodology included preprocessing raw sensor data, followed by
training the algorithms on labeled failure and non-failure data points to assess their prediction
accuracy. The study used a large dataset consisting of over 100,000 sensor readings, including
vibration, temperature, and pressure measurements, to identify early signs of failure. The findings
revealed that Random Forest outperformed other algorithms in terms of predictive accuracy,
detecting 90% of the failures before they occurred. SVM also performed well, but it showed
limitations when dealing with noisy and imbalanced datasets, leading to a lower prediction rate of
about 75%. On the other hand, k-NN struggled with larger datasets and provided a prediction
accuracy of only 65%. The authors highlighted the importance of data quality, recommending that
missing data and outliers be appropriately handled before model training. They also stressed the
significance of feature selection techniques to enhance model performance. The study further
suggested that, while Random Forest was the best overall, the combination of different algorithms
in a hybrid model could potentially improve failure detection and prediction accuracy. They
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recommended using ensemble learning methods to mitigate the weaknesses of individual models,
particularly in dealing with diverse and noisy industrial data. The researchers concluded that
integrating machine learning with real-time sensor data collection can provide a more adaptive and
efficient predictive maintenance system. Future research should focus on exploring deep learning
methods and the use of artificial neural networks to further improve predictive capabilities.

Zhang (2020) aimed to develop an optimal machine learning model for predictive maintenance in
the automotive manufacturing industry, where equipment failures can lead to significant
production losses. The authors utilized deep learning techniques, specifically Long Short-Term
Memory (LSTM) networks and Convolutional Neural Networks (CNN), to predict mechanical
failures in assembly line machinery. The methodology involved applying these models to large -
scale datasets containing sensor readings, such as vibrations, temperature, and rotational speed
from machinery components. They used a hybrid model approach, combining LSTM for time-
series analysis and CNN for detecting complex patterns in spatial data. Their findings revealed
that deep learning models outperformed traditional machine learning algorithms, such as Random
Forest and SVM, particularly when dealing with large, unstructured data. LSTM achieved a 92%
accuracy rate in predicting failures, surpassing both Random Forest (85%) and SVM (78%). The
researchers emphasized the ability of deep learning to learn complex, nonlinear patterns in data,
which is crucial for failure prediction in dynamic industrial environments. Based on these results,
the authors recommended that automotive manufacturers adopt deep learning techniques for
failure prediction in machinery, especially for applications involving large datasets with complex
relationships. They also highlighted the need for proper training of models with high-quality data
to avoid overfitting and ensure generalizability. The study suggested that hybrid models, which
combine the strengths of both LSTM and CNN, could provide even better prediction accuracy.
They proposed further research to explore how these deep learning models could be integrated
with 0T platforms for real-time maintenance predictions. In conclusion, the study found that deep
learning models are highly effective for predictive maintenance and should be incorporated into
future industrial systems to minimize downtime.

Kumar & Bansal (2022) sought to optimize machine learning models for predictive maintenance
in the aerospace industry, where equipment failures can have catastrophic consequences. The
researchers applied both Random Forest and Neural Networks to sensor data from aircraft engines,
with the goal of predicting engine failure before it occurred. The methodology involved
preprocessing raw sensor data, followed by model training and validation using historical failure
data. The findings indicated that Neural Networks performed better in detecting engine failures,
achieving an accuracy of 92%, compared to 85% with Random Forest. However, the study also
found that Random Forest was more computationally efficient and easier to interpret, making it
suitable for real-time monitoring systems. The researchers recommended that airlines and
maintenance teams use Neural Networks for high-stakes failure predictions, such as turbine blade
fractures, and Random Forest for general maintenance tasks. They also suggested that a hybrid
model combining both approaches could offer the best of both worlds, balancing accuracy with
computational efficiency. The study emphasized the importance of integrating these models into
existing predictive maintenance platforms to enable proactive maintenance decisions.
Furthermore, they recommended improving the model's adaptability by incorporating real-time
data and continuous learning methods. The researchers concluded that the optimization of machine
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learning models in predictive maintenance could significantly reduce unplanned downtime and
improve safety in the aerospace industry.

Li (2019) aimed to optimize machine learning algorithms for predictive maintenance in power
generation systems. The researchers applied SVM, Decision Trees, and Gradient Boosting
Machines (GBM) to sensor data from power plants to predict equipment failures. The methodology
involved collecting large volumes of data from various sensors monitoring equipment like turbines
and transformers, followed by algorithmic training and validation. The study found that GBM
outperformed other algorithms in predictive maintenance tasks, with an accuracy rate of 88%,
compared to 75% for SVM and 70% for Decision Trees. The researchers noted that GBM’s ability
to handle complex, imbalanced data was a key advantage in power generation systems, where
sensor data is often noisy and incomplete. They recommended using GBM as the primary
algorithm for failure prediction in power plants, but also highlighted the need for ongoing
optimization to maintain high accuracy levels over time. The study suggested that integrating data
preprocessing techniques, such as normalization and imputation, could further improve model
performance. The researchers also proposed developing hybrid models that combine multiple
machine learning techniques to handle a wider range of failure scenarios. In conclusion, the study
demonstrated that GBM is a powerful tool for predictive maintenance in power generation and can
significantly reduce downtime and maintenance costs.

Sharma (2020) explored the optimization of machine learning algorithms for predictive
maintenance in the mining industry, which faces high operational costs due to equipment failures.
The researchers applied SVM and Logistic Regression models to data collected from mining
machinery sensors to predict failure events. The methodology involved cleaning and preprocessing
sensor data, followed by the application of machine learning algorithms for training and validation.
The study found that SVM outperformed Logistic Regression in predicting machinery failures,
with an accuracy rate of 80%. In contrast, Logistic Regression achieved an accuracy of only 70%,
due to its limited ability to capture nonlinear patterns in the data. The authors recommended
incorporating optimization techniques, such as Particle Swarm Optimization (PSO), to enhance
the predictive capabilities of SVM. They suggested that combining PSO with SVM would allow
for better tuning of the model's parameters, leading to improved failure detection. The researchers
also recommended the use of hybrid models that integrate various machine learning techniques for
better adaptability to different operational scenarios. The study concluded that predictive
maintenance using optimized machine learning models could reduce unplanned downtime and
extend the lifespan of mining equipment.

Nguyen (2018) evaluated various machine learning algorithms for predictive maintenance in
industrial robots, focusing on improving the efficiency of robotic systems in manufacturing. The
researchers applied Random Forest, SVM, and Neural Networks to sensor data from robotic arms
used in assembly lines. The methodology involved training each algorithm on historical sensor
data to detect early signs of mechanical failure. The study found that SVM offered the best balance
between accuracy and computational efficiency, achieving a prediction accuracy of 85%. Random
Forest was slightly less efficient but provided valuable insights into feature importance. Neural
Networks, while highly accurate at 90%, were computationally expensive and less suited for real-
time applications. The authors recommended using SVM for applications requiring fast decision-
making and less computational overhead, while Neural Networks could be used in critical failure
scenarios. The study also proposed that real-time data processing could further enhance the
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responsiveness of predictive maintenance systems. The researchers concluded that predictive
maintenance using optimized machine learning models could significantly improve robot
performance and reduce operational costs in industrial environments.

METHODOLOGY

This study adopted a desk methodology. A desk study research design is commonly known as
secondary data collection. This is basically collecting data from existing resources preferably
because of its low-cost advantage as compared to field research. Our current study looked into
already published studies and reports as the data was easily accessed through online journals and
libraries.

FINDINGS

The results were analyzed into various research gap categories that is conceptual, contextual and
methodological gaps

Conceptual Gaps: The majority of the studies focus on optimizing machine learning algorithms,
yet there is limited exploration of hybrid models that combine the strengths of different algorithms.
While some studies mention combining models (Bose & Mahapatra, 2020; Jouini et al., 2021),
they do not deeply investigate the theoretical frameworks that could guide the combination process
to ensure optimal performance in various industrial environments. Furthermore, while deep
learning techniques like Long Short-Term Memory (LSTM) and Convolutional Neural Networks
(CNN) have shown promise (Zhang, 2020), there is still a lack of understanding on how these
models can be adapted and optimized for real-time predictive maintenance scenarios across
different industrial systems. The need for a comprehensive theory on hybrid machine learning
models tailored to specific maintenance scenarios remains unaddressed.

Contextual Gaps: The studies reviewed predominantly focus on well-established industries such
as manufacturing, aerospace, and power generation. However, sectors with unique operational
challenges, like mining (Sharma, 2020) and industrial robotics (Nguyen, 2018), have not been as
thoroughly explored. The application of machine learning algorithms for predictive maintenance
in these niche areas requires specific methodologies, such as those integrating domain-specific
sensor data, to improve failure detection rates. Additionally, the influence of varying data qualities
such as noise, imbalances, and missing values is underexplored in real-time industrial systems.
More research is needed to develop context-sensitive algorithms that can handle specific data
complexities of different industrial environments.

Geographical Gaps: Many of the studies are based on data from developed economies,
particularly in the USA, Europe, and Japan. These regions often have access to high-quality,
abundant sensor data and sophisticated infrastructure, making it difficult to generalize findings to
developing or Sub-Saharan economies. For instance, predictive maintenance studies in industries
like mining (Sharma, 2020) or wind energy (Jouini, 2021) may not be directly applicable in regions
with limited technological infrastructure and sensor data. Further research is needed to explore
how machine learning models can be optimized and applied in regions with limited resources,
where data collection may be less consistent and computational power may be constrained.

CONCLUSION AND RECOMMENDATIONS
Conclusions
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In conclusion, optimizing machine learning algorithms for predictive maintenance in industrial
systems represents a significant advancement in improving operational efficiency, reducing
downtime, and lowering maintenance costs across various sectors. Through the application of
algorithms such as Random Forest, Support Vector Machines, Neural Networks, and deep learning
models, industries can harness the power of data-driven insights to anticipate failures before they
occur. While studies have shown promising results in the manufacturing, aerospace, and power
generation sectors, challenges remain in handling noisy, imbalanced, and incomplete datasets.
Moreover, the need for hybrid models that combine the strengths of multiple algorithms is critical
to addressing these complexities. Additionally, real-time data integration and continuous model
learning are essential for ensuring the system’s adaptability and responsiveness. However, there
remain significant gaps in understanding how these models can be optimized for specific industries
with unique operational challenges, particularly in dewveloping economies with limited
infrastructure. Future research should focus on refining hybrid models, exploring deep learning
techniques further, and expanding their application to underrepresented industries and regions. By
overcoming these challenges, machine learning algorithms can transform predictive maintenance
practices, leading to more reliable, cost-effective, and sustainable industrial operations globally.

Recommendations
Theory

Future research on optimizing machine learning algorithms for predictive maintenance should
focus on developing and refining hybrid models that combine the strengths of various algorithms.
For example, combining techniques like Random Forest with deep learning models such as Long
Short-Term Memory (LSTM) networks and Convolutional Neural Networks (CNN) could offer
enhanced capabilities for handling complex industrial data. Theoretical frameworks should be
developed to guide the integration of these models, ensuring their optimization for both accuracy
and efficiency in predicting failures. Additionally, there is a need for expanded theoretical
understanding on how machine learning models can be optimized for real-time adaptability in
industrial systems. This would enable continuous learning from real-time data and ensure that
models are responsive to changing conditions. Furthermore, theories on data preprocessing and
feature selection should be refined to better address challenges such as noisy, imbalanced, or
incomplete datasets that are commonly encountered in industrial environments. This will improve
the robustness of predictive models and ensure more reliable predictions in real-world applications.

Practice

In practice, industry practitioners should prioritize integrating machine learning models into real-
time monitoring systems, which would allow for continuous updates and immediate responses to
emerging failure risks. By implementing such systems, industries can significantly reduce
unplanned downtime and maintenance costs, as predictive models can trigger early maintenance
interventions before failures occur. Moreover, machine learning algorithms should be adapted to
cater to the unique needs of various industries. For example, mining operations may require robust
models capable of handling data from sensors deployed in harsh environments, while aerospace
industries may benefit from models that focus on predicting rare but critical failures. Furthermore,
a key aspect of improving model accuracy lies in the collection and preprocessing of high-quality
data. Practitioners should invest in standardizing procedures for handling missing, imbalanced,
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and noisy sensor data, which will lead to improved predictive outcomes and more effective
maintenance decisions.

Policy

At the policy level, there is a clear need for the establishment of industry-wide standards for the
implementation of machine learning in predictive maintenance. These standards would ensure
consistency in data collection, preprocessing, and the deployment of machine learning models
across various sectors. By promoting uniformity in these practices, policymakers can enhance
collaboration and data sharing between industries, enabling the wider adoption of predictive
maintenance  technologies. Governments should also incentivize investment in digital
infrastructure, particularly in developing economies, to ensure that industries can imple ment
advanced machine learning-based predictive maintenance systems. This may include providing
subsidies or tax breaks for the development of sensor technologies and computational resources.
Additionally, policymakers should foster cross-industry collaboration by creating platforms where
researchers, industry experts, and policymakers can share best practices and insights. This
collaborative approach will support the development of more universally applicable predictive
maintenance models, ensuring they are scalable and adaptable across diverse industrial sectors.
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