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Abstract:

The advent of Industry 4.0 has transformed industrial maintenance methods via the integration of Artificial
Intelligence (Al) and Internet of Things (loT) technology. This study offers a thorough evaluation and analysis
of Al-driven predictive maintenance in loT-enabled industrial systems. We investigate the interplay between
Al algorithms and loT sensor networks in forecasting equipment malfunctions, refining maintenance plans, and
improving overall system dependability. The research encompasses many Al methodologies, such as machine
learning, deep learning, and reinforcement learning, used for predictive maintenance. We examine the problems
and possibilities associated with the implementation of these technologies across several industrial sectors. Our
research demonstrates that Al-driven predictive maintenance substantially decreases downtime, lowers
maintenance expenses, and enhances the durability of industrial equipment. The report finishes with prospective
research avenues and possible ramifications for industry professionals.

Indexed Terms- Artificial Intelligence; Internet of Things; Predictive Maintenance; Industry 4.0; Machine
Learning; Industrial Systems

Introduction

The fourth industrial revolution, referred to as Industry 4.0, has initiated a new epoch of intelligent production
and industrial processes. The core of this shift is the confluence of Artificial Intelligence (Al) and the Internet of
Things (loT), which has created unparalleled prospects for improving industrial operations, especially in
maintenance. Conventional reactive and preventive maintenance methods are progressively being supplanted by
advanced predictive maintenance techniques that use the capabilities of Al and loT technology [2].
Predictive maintenance, facilitated by Al and IoT, seeks to anticipate equipment problems before to their
occurrence, enabling prompt interventions that might substantially decrease downtime, prolong machinery
lifetime, and optimize maintenance expenditures. This method signifies a paradigm change from conventional
maintenance techniques, transitioning from set timetables or reactive reactions to data-driven, proactive tactics.
The incorporation of 10T devices in industrial environments has resulted in extensive sensor networks that can
perpetually monitor equipment health, ambient conditions, and operating factors [5]. These sensors provide
substantial data, which, when examined with sophisticated Al algorithms, may uncover patterns and anomalies
that signify potential breakdowns or performance decline [6].

This study intends to provide a thorough evaluation and analysis of Al-driven predictive maintenance in l1oT-
enabled industrial systems. This study examines the several Al methodologies used in this field, including

machine learning, deep learning, and reinforcement learning, along with their applications in numerous industrial
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sectors. The research investigates the obstacles related to the implementation of these technologies and the
possible methods to address them.

The Internet of Things (lIoT) facilitates the optimal use of diverse objects via their interaction, which involves
establishing connections via different protocols. This established a unified communication framework for the
devices inside the 10T network. Protocols are classified into two primary groups based on their data exchange
methods: publish/subscribe (PS) and request/response (RR) [4]. The primary distinction between these two groups
is that the PS employs unidirectional communication, whilst the RR facilitates bidirectional communication. The
appropriateness of each category is assessed based on the 10T application.

The predominant communication 10T protocols used in predictive maintenance using machine learning include
MQTT, SMQTT, AMQP, CoAP, XMPP, DDS, RESTful, and WebSocket. Utilizing the aforementioned modern
connectivity technologies, a substantial amount of data containing valuable information is generated. This reality,
along with the sector's need to minimize operating expenses, has compelled industry proprietors to adopt
innovative technologies for asset upkeep [5].

The maintenance may be classified into three types based on its timing of application: unplanned, scheduled, and
predictive maintenance. In the literature, they are referred to as Run-to-Failure (R2F), Preventive Maintenance
(PvM), and Predictive Maintenance (PdM), respectively.

R2F: Maintenance actions occur subsequent to a component's failure. This method is the most effective for cost
reduction, since it prevents resource wastage. Conversely, this maintenance approach has significant risks, since
it requires a failure to occur before the repair is conducted. Furthermore, some failures may be catastrophic, such
as an aircraft engine malfunction. - PvM: These maintenance tasks are preventative and adhere to a predetermined
timetable. The maintenance component is substituted on a designated date. This fact guarantees a little likelihood
of abrupt malfunction for the component in question. In contrast to R2F, PvM offers enhanced safety since a
component failure is not a prerequisite for repair. This approach is not sufficiently cost-effective, since some
components  will remain  functioning post-removal, rendering the replacement unnecessary.
PdM: This refers to the maintenance of components that require essential upkeep. To realize this forecast, the
component must be continuously monitored by several sensors while concurrently collecting and storing extensive
data. The data are sent to an advanced maintenance prediction model, which anticipates component replacement
on an ad hoc basis. PdM exceeds the other categories. It is more secure against the R2F since there are no failures
in any component. Moreover, it is more cost-effective than PvM, since the replacement pertains just to components
predicted to fail imminently, according to model forecasts [6].

Contemporary methods for feature extraction include vibration-acoustic analysis, infrared monitoring, and model-
based state assessment. Numerous sensors are integrated into the device where Predictive Maintenance (PdM) is
implemented, ensuring that the functionality of the primary component remains unaffected, which is crucial given
the significant costs associated with production line interruptions nowadays. In the United States, the yearly
expense of supplementary maintenance and diminished productivity is approximated at $750 billion [7].

The prevailing trend in data processing and analysis is the use of Machine Learning (ML) techniques. Machine
learning has developed into a formidable instrument that employs sophisticated algorithms for accurate prediction.
A characteristic of machine learning is its capacity to analyze large datasets and thereby uncover latent
relationships among them. These data may be intricate and generated in always changing contexts. These contexts

include heavy industries, the automotive sector, aviation/aeronautics, commercial assets, and numerous home
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goods. In each instance, the use of PdM yields substantial economic gains [8].

This study offers a thorough literature review. Its contribution is to elucidate, via research, the predominant areas
of application for Predictive Maintenance (PdM), the most frequently used measurement sensors, and the most
widespread machine learning models employed in PdM, therefore integrating Artificial Intelligence with the
Internet of Things (IoT) for PdM. The difficulties of predictive maintenance are also outlined. The issue of
acquiring quality data for the execution of a task is addressed. The benefits and drawbacks of using artificial
intelligence in real-world issues are highlighted.

The document is structured as shown below: Section Il delineates the implementation of multiple machine
learning models to address a real-world predictive maintenance issue. Section Il delineates the bibliography
selection methodology used to analyze the literature and elucidates the statistical findings of the study along with
the taxonomy of the examined publications. Section 1V ultimately delineates the issues associated with predictive

maintenance using machine learning methodologies, followed by Section V, which finishes this research.

Machine Learning For Predictive Maintenance
When machine learning is used in predictive maintenance, it adheres to a method including distinct phases. The
objective is to get accurate maintenance predictions by training models, accompanied by enhanced data gathering
and use. The data collection process involves the selection and pre-processing of historical data. Historical data
refers to information that has been documented throughout previous operational cycles. The data are gathered by
sensors integrated into a customized loT network and are continuously refreshed with new readings. Figure 1.
Valuable data are exported for application to a machine learning model, contingent upon their collection and
storage methods. Subsequently, they undergo pre-processing to convert and achieve the format that will optimize
efficiency for the model. The procedure proceeds with the selection, training, and validation of the model, as seen

in Fig. 2. This results in the selection of the best suitable ML model for use in PdM.
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Fig. 1. 1oT sensors and Protocols

3185



J. Electrical Systems 20-9s (2024): 3183-3192

Artificial Intelligence

Model
A\ \J Y A\ \J
NN RF PRT GA )
L

KNN ANN SVM i NB DT Fuzzy  Regression

Y

Train
v

Validation

v

Test

v

Results

Fig. 2. Al models

Predictive Maintenance using Artificial Intelligence

Start

Y
loT

*
Historical Data =
Y
Data Preprocessing

A4
Artificial Intelligence

V

Model Maintenance
. Yes *
Maintenance
\J

Results Evaluation

No

Fig. 3. PdM using Al Flowchart

A complete training cycle of the ML model is achieved when the data gathered in the earlier phases is validated,
followed by the assessment of the model to assess its efficiency and effectiveness. The last phase of the procedure
is the upkeep of the model. Following the selection of the proper algorithm, a mechanism is implemented to ensure

maintenance. The primary determinant of the efficacy of machine learning models in predictive maintenance
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applications is the Internet of Things network. The sensors inside this network provide readings that are analyzed
and stored in the database for maintenance prediction via the model. Data sharing inside the network is facilitated
by protocols designed to enable communication across diverse sensors and devices. The Internet of Things (10T)
underpins the effective use of machine learning (ML) in predictive maintenance (PdM), since it enables the
collection and storage of extensive sensor data. Moreover, the processes of choosing historical data and
maintaining the model are fundamental aspects that distinguish conventional ML models from those designed for
Predictive Maintenance (PdM). The data pre-processing, model selection, training, and validation adhere to the
established steps of conventional machine learning models. the model's long-term performance and to update its
database. Figure 3 illustrates a conventional method for deploying a machine learning model in a predictive

maintenance application, according to the aforementioned procedures.

The Role Of lot In Enabling Predictive Maintenance
The Internet of Things (loT) is essential for facilitating predictive maintenance by providing the necessary
infrastructure for ongoing monitoring and data acquisition from industrial machinery. This section examines the
several elements of loT that enhance efficient predictive maintenance tactics.
loT Sensor Networks
Central to loT-enabled predictive maintenance are sensor networks that constantly monitor diverse aspects of
industrial machinery. These sensors are capable of measuring a diverse array of factors, including:
Vibration
Temperature
Pressure
Sound
Electrical current
Oil condition

Humidity

© N o g &~ 0w Db PRE

Speed and rotation

The choice and implementation of suitable sensors rely on the particular apparatus and the metrics most reflective

of its condition and efficacy [16].

Data Collection and Transmission

0T sensors gather data at elevated frequency, often in real-time or near-real-time. The data is then sent using
several communication protocols, which may be roughly classified into:

1. Proximal communication protocols: Bluetooth, Zigbee, NFC

2. Medium-range protocols: Wi-Fi, LoRaWAN

3. Extended-range protocols: Cellular (3G/4G/5G), Satellite

The selection of protocol is contingent upon criteria like data rate needs, power consumption, range, and the

physical environment of the industrial context [17].
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Cloud Integration

Edge computing addresses rapid processing requirements, but cloud integration is essential for: 1. Prolonged data
storage: Facilitating historical analysis and trend recognition.

2. Advanced analytics: Utilizing cloud computing capabilities for intricate Al and machine learning algorithms.
3. Cross-plant analysis: Consolidating data from many facilities for comprehensive organizational insights.
4. Scalability: The capacity to effortlessly augment processing resources in response to increasing data quantities
[19].

10T Platforms for Predictive Maintenance
Numerous 10T systems have been particularly designed for industrial applications and predictive maintenance.

These systems provide comprehensive solutions for data acquisition, storage, analysis, and visualization.

Al Techniques In Predictive Maintenance
Acrtificial Intelligence (Al) is the analytical foundation of contemporary predictive maintenance systems,
converting extensive data gathered by 10T sensors into actionable insights. This section examines the several Al

methodologies used in predictive maintenance, along with their applications, strengths, and limits.

Machine Learning Algorithms
Machine Learning (ML) techniques are crucial in Al-driven predictive maintenance. These algorithms analyze
previous data to discern trends and forecast future equipment performance. The predominant machine learning

methods used in predictive maintenance comprise:

Supervised Learning

Supervised learning algorithms are trained on labeled datasets, in which the result (e.g., failure or non-failure) is
predetermined. Prevalent supervised learning techniques in predictive maintenance encompass:
1. Support Vector Machines (SVM): Proficient for binary classification tasks, such as forecasting the likelihood
of equipment failure within a certain timeframe.

2. Random Forests: An ensemble learning technique that generates several decision trees and produces the average
prediction of the individual trees. It is especially advantageous for managing intricate, non-linear connections
within data.

3. Gradient Boosting Machines: An additional ensemble technique that constructs a succession of weak learners

(often decision trees) in a sequential manner, with each subsequent model rectifying the flaws of its predecessor.

Unsupervised Learning

Unsupervised learning algorithms operate on unlabeled input, discerning patterns and structures without
predetermined results. Principal unsupervised learning methods in predictive maintenance encompass:
1. K-means clustering Clustering: Employed for the aggregation of like data points, facilitating the identification
of distinct operational states of equipment.

2. Principal Component Analysis (PCA): Effective for dimensionality reduction in high-dimensional sensor data,

facilitating the identification of the most significant characteristics for forecasting equipment failure.
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3. Autoencoders: A category of neural network used for anomaly detection by acquiring the ability to reproduce

typical behavior and identifying deviations as probable abnormalities.

Semi-Supervised Learning
Semi-supervised learning integrates aspects of supervised and unsupervised learning by using a limited quantity
of labeled data in conjunction with a more substantial volume of unlabeled data. This methodology is especially

advantageous in industrial environments where acquiring labeled data may be costly or labor-intensive.

Reinforcement Learning

Although not as prevalent as supervised and unsupervised learning in predictive maintenance, reinforcement
learning (RL) is increasingly being used to enhance maintenance schedules and decision-making processes.
Reinforcement learning algorithms acquire optimum behaviors by trial-and-error interactions with an
environment. In the realm of predictive maintenance, reinforcement learning may be used to:
1. Optimization of maintenance scheduling: Identifying optimal timings for maintenance activities to enhance
equipment availability and save expenses.

2. Resource allocation: Enhancing the distribution of maintenance resources among various equipment or
facilities.

3. Adaptive control: Formulating control strategies that adjust to fluctuating equipment circumstances to avert

failures.

The primary benefit of reinforcement learning in predictive maintenance is its capacity to enhance long-term
results in intricate, evolving settings. Nonetheless, practical obstacles include the need for precise environmental

models and the possibility of extended training durations.

Hybrid and Ensemble Methods

Numerous effective predictive maintenance systems use hybrid or ensemble approaches, integrating various Al
techniques to capitalize on their individual advantages. Prevalent methodologies encompass:
1. Stacked models: Employing the outcomes of several models as inputs for a conclusive prediction model.
2. Boosting ensembles: Integrating many weak learners to formulate a robust prediction.
3. Hybrid deep learning architectures: Integrating several neural network types (e.g., CNN-LSTM) to analyze

intricate, multi-modal data.

Discussion
The datasets from all the examined papers significantly contributed to the design of the problem's solution.
Artificial intelligence learning procedures, by definition, rely on data that must satisfy both quantitative and
qualitative requirements.
Specifically, a substantial amount of data must be secured for the training to be more successful. In the context of
PdM, the data pertains to the functionality of the equipment. This function may include standard operations as
well as operations involving errors, or only data derived from errors. In the first scenario, it is assumed that several

operational circumstances have been documented, resulting in an extensive dataset. However, the second
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requirement is quality. The standard condition of a machine is its efficient functioning. When an error occurs and
is documented, there will be an abundance of data from normal operations and less data from the fault, which
presents several challenges in model training.

This issue is known in the literature as unbalanced data and often occurs in datasets derived from real-world
scenarios. The class that is not numerically dominant is often the one subjected to examination for fault situations.
Four states are generated throughout the execution of the prediction model. Two instances occur when the
prediction aligns with both the correct and erroneous procedure. The remaining two instances occur when this
prediction has not succeeded. These words are succinctly designated as True Positive, True Negative, False
Positive, and False Negative, with 'positive' indicating normal function and 'negative' indicating the absence
thereof. Multiple methods exist for addressing this issue. The most prevalent method is to re-evaluate the sample.
There are three methods: Oversampling, Subsampling, and their combination. Subsampling is often performed on
the majority class to decrease its size, while methods such as data synthesis or duplication are used for the minority
class.

Moreover, the sensors serve as the mechanism via which the data is generated. As previously said, they are
positioned at various locations and gather many measurements. Their precision is crucial, since the model's
training and accurate predictions rely on the data they provide. Technological advancements have produced tiny
sensors that can be seamlessly incorporated into almost any structure. Furthermore, contemporary measurements
exhibit remarkable precision, yielding dependable outcomes in model creation. Nonetheless, advancements in
technology will provide much smaller and more precise sensors, leading to an increase in the number of sensors
and the development of more efficient models.

In recent years, Artificial Intelligence has advanced significantly. Models developed with enhanced data
accessibility provide high-performance outcomes. A significant obstacle to address is that the machine learning
models used are classified as black boxes.

Consequently, there is a lack of adequate explanations on when a system should cease operations for maintenance
tasks. Future initiatives will focus on addressing the issue, and when advancements are achieved, there will be a
notable increase in the use of machine learning techniques in predictive maintenance. Furthermore, the tendency

is now on the rise.

Conclusion

This report presents the findings of a systematic assessment of 44 papers on predictive maintenance solutions
using machine learning approaches during the last decade. Their selection was based on criteria explicitly outlined
in the preceding sections. The 2020 publications were similarly problematic, since the criterion for the quantity
of articles, along with the COVID-19 pandemic, resulted in a smaller output than anticipated. The study indicated
that production is the primary area to which predictive maintenance (PdM) is applicable. The emerging
methodologies indicate that the most frequent are ANN, SVVM, and Random Forest; nevertheless, the selection of
the suitable method is contingent upon the specific data of each situation.

Additionally, many sensors were used in each application. The rationale for this phenomenon is that the majority
of PdM applications need a diverse array of data, and this serves as a means to get it. Furthermore, twelve kinds
of sensors developed, including temperature, vibration, noise, and acoustic sensors, which were the most prevalent

in predictive maintenance applications using machine learning. The result is that temperature, vibration, and noise
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are essential parameters to include into a predictive maintenance machine learning model.

Furthermore, future investigations might analyze the methodologies used in PdM by sector to evaluate model

performance in particular domains and derive further conclusions. Sensors may be linked to sectors to highlight

certain sensors. Ultimately, the evaluation based on the presented graphs indicates that efforts to address the issue

of blackbox models will likely result in an ongoing exponential trend in the coming years, with increased

investments in Predictive Maintenance, particularly within the Production sector.
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