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Abstract-Predictive maintenance has emerged as an effective 

strategy for improving equipment reliability and reducing 

unexpected downtime in industrial environments. Unlike 

reactive and preventive maintenance approaches, predictive 

maintenance utilizes real-time condition monitoring and data-

driven analysis to identify potential faults before they result in 

system failure. Recent developments in the Internet of Things 

(IoT), machine learning, and edge computing have significantly 

enhanced the capability of predictive maintenance systems by 

enabling continuous monitoring, intelligent fault diagnosis, and 

timely maintenance decisions. This paper presents a review of 

machine learning and IoT-based predictive maintenance 

techniques reported in recent literature. Various condition 

monitoring approaches, sensing technologies, machine learning 

algorithms, and deep learning models used for fault detection 

and classification are examined. The reviewed studies are 

compared based on methodology, application domain, 

performance, and implementation challenges. In addition, key 

research gaps related to data availability, real-time deployment, 

scalability, and model interpretability are identified. Finally, 

future research directions are discussed, including multi-sensor 

data fusion, edge intelligence, explainable artificial intelligence, 

and Industry 4.0 integration. The review provides a consolidated 

understanding of current advancements and highlights 

opportunities for the development of more reliable and 

intelligent predictive maintenance systems. 

Keywords - Predictive Maintenance, Machine Learning, Internet 

of Things, Condition Monitoring, Fault Diagnosis, Industry 4.0, 

Edge Computing. 

I. INTRODUCTION 

Industrial motors are critical components in modern 

manufacturing and industrial automation systems. They are 

extensively used in applications such as production lines, 

pumping systems, conveyors, compressors, and process 

control equipment. Continuous operation under varying 

mechanical and electrical conditions can lead to performance 

degradation and faults, including bearing defects, rotor 

failures, stator winding faults, and shaft misalignment. Such 

failures often result in unplanned downtime, reduced 

productivity, increased maintenance costs, and potential 

safety concerns [1], [6]. 

To improve equipment reliability, industries have 

traditionally adopted reactive and preventive maintenance 

strategies. Reactive maintenance involves repairing 

equipment after a failure occurs, while preventive 

maintenance relies on scheduled inspections and servicing. 

Although these approaches are widely used, they may either 

cause unexpected production interruptions or lead to 

unnecessary maintenance activities. As industrial systems 

become increasingly complex, there is a growing need for 

maintenance strategies that can identify faults before they 

develop into critical failures [2]. 

Predictive maintenance has emerged as an effective solution 

to this challenge. Unlike conventional approaches, predictive 

maintenance continuously monitors equipment condition and 

utilizes operational data to estimate machine health and detect 

early signs of degradation. By enabling timely maintenance 

actions, predictive maintenance can reduce downtime, 

improve operational efficiency, and extend equipment service 

life [8]. 

Recent advancements in the Internet of Things (IoT) have 

significantly enhanced predictive maintenance capabilities. 

Sensors deployed on industrial equipment can continuously 

collect parameters such as vibration, current, temperature, 

sound, and rotational speed. These data can be transmitted 

and processed in real time, providing valuable information 

about machine operating conditions and fault development 

[12]. 

At the same time, machine learning techniques have become 

increasingly important for analyzing large volumes of 

condition-monitoring data. Algorithms such as Support 

Vector Machines, Random Forests, Artificial Neural 

Networks, and deep learning models have demonstrated 

promising performance in fault detection, fault classification, 

and anomaly identification applications [3], [7], [9]. The 

integration of IoT-based monitoring and machine learning 

has therefore become a key research area in the development 

of intelligent maintenance systems. 

This paper presents a review of machine learning and IoT-

based predictive maintenance systems for industrial 

applications, with particular emphasis on industrial motor 

condition monitoring and fault diagnosis. Existing research is 

examined to identify commonly used sensing technologies, 

data analysis techniques, machine learning approaches, and 

implementation challenges. A comparative analysis of the 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

IJERTV15IS060791 Page 1

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



 

reviewed studies is provided, followed by a discussion of 

current research gaps and future research directions.  

II. OVERVIEW OF MAINTENANCE STRATEGIES 

Maintenance plays a vital role in ensuring the reliability, 

safety, and operational efficiency of industrial equipment. 

Over the years, industries have adopted different maintenance 

strategies to minimize equipment failures and production 

losses. The three most commonly used approaches are 

reactive maintenance, preventive maintenance, and 

predictive maintenance. Each strategy differs in terms of 

maintenance planning, operational cost, and equipment 

reliability [2]. 

A. Reactive Maintenance 

Reactive maintenance, also known as breakdown 

maintenance, involves repairing or replacing equipment only 

after a failure occurs. This approach requires minimal 

planning and lower initial maintenance costs. However, 

unexpected equipment failures may lead to unplanned 

downtime, production interruptions, increased repair 

expenses, and potential safety risks. As a result, reactive 

maintenance is generally considered suitable only for non-

critical equipment or systems with low replacement costs. 

B. Preventive Maintenance 

Preventive maintenance is based on scheduled inspections, 

servicing, and component replacement at predetermined 

intervals. This approach aims to reduce the probability of 

equipment failure through routine maintenance activities. 

Compared with reactive maintenance, preventive 

maintenance improves equipment reliability and reduces 

unexpected breakdowns. However, maintenance actions are 

often performed regardless of the actual health condition of 

the equipment, which can result in unnecessary maintenance 

costs and inefficient resource utilization [2]. 

C. Predictive Maintenance 

Predictive maintenance utilizes condition-monitoring data 

and analytical techniques to assess equipment health and 

identify potential faults before failure occurs. Sensors 

continuously monitor operating parameters such as vibration, 

temperature, current, and sound, while data analysis 

techniques and machine learning algorithms are used to 

detect abnormal conditions. By enabling maintenance 

decisions based on actual equipment condition, predictive 

maintenance can reduce downtime, improve asset utilization, 

and lower maintenance costs [8]. The increasing availability 

of IoT technologies and machine learning methods has 

further accelerated the adoption of predictive maintenance in 

modern industrial environments. 

Table 1.Comparison of Maintenance Strategies 
Parameter Reactive 

Maintenance 

Preventive 

Maintenance 

Predictive 

Maintenance 

Maintenance 

Trigger 

After failure Scheduled 

intervals 

Condition-

based 

Downtime High Moderate Low 

Maintenance 

Cost 

Unpredictable Moderate Optimized 

Planning 

Requirement 

Low Medium High 

Equipment 

Reliability 

Low Moderate High 

Data 

Requirement 

None Limited Continuous 

monitoring 

Fault Detection 

Capability 

After fault 

occurrence 

Periodic 

inspection 

Early fault 

detection 

III. MACHINE LEARNING AND IOT IN 

PREDICTIVE MAINTENANCE 

The increasing adoption of Industry 4.0 technologies has 

transformed traditional maintenance practices by enabling 

continuous equipment monitoring and intelligent fault 

analysis. Predictive maintenance systems utilize IoT-based 

sensing infrastructure and machine learning techniques to 

assess equipment health, detect anomalies, and predict 

potential failures before they occur. The integration of these 

technologies has significantly improved maintenance 

efficiency, equipment reliability, and operational 

performance [3], [8]. 

A. IoT-Based Condition Monitoring 

The Internet of Things (IoT) provides the communication 

framework required for real-time condition monitoring of 

industrial equipment. Sensors installed on machines 

continuously collect operational parameters such as 

vibration, temperature, current, sound, and rotational speed. 

These measurements are transmitted through communication 

networks for further processing and analysis [12]. 

In industrial motor monitoring applications, vibration and 

current signals are commonly used for identifying bearing 

defects, rotor faults, and stator winding abnormalities. 

Continuous data acquisition enables the detection of gradual 

performance degradation and facilitates timely maintenance 

planning. IoT-based monitoring systems improve equipment 

visibility and support data-driven maintenance decision-

making processes. 

B. Machine Learning for Fault Diagnosis 

Machine learning algorithms play a crucial role in predictive 

maintenance by extracting meaningful information from 

condition-monitoring data and identifying fault-related 

patterns. These algorithms can learn from historical 

operational data and classify machine conditions without 

relying solely on predefined rules [3]. 
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Several machine learning techniques have been applied in 

predictive maintenance systems. Support Vector Machines 

(SVMs) have demonstrated strong performance in machine 

condition monitoring and fault classification tasks [7]. 

Random Forest models are widely used because of their 

robustness and ability to handle complex datasets. Artificial 

Neural Networks (ANNs) and deep learning models can 

automatically learn fault characteristics from large volumes 

of sensor data. Autoencoder-based approaches have also been 

utilized for anomaly detection and unsupervised fault 

identification in industrial systems [9]. 

Recent research has further explored advanced architectures 

such as recurrent neural networks (RNNs), Long Short-Term 

Memory (LSTM) networks, and Gated Recurrent Unit (GRU) 

models for analyzing time-series motor condition data. These 

approaches are particularly effective for capturing temporal 

relationships and identifying early-stage faults in rotating 

machinery. Recent studies have reported high classification 

accuracy for multiple motor fault conditions using deep 

learning-based approaches. 

Table 2.Machine Learning Techniques Used in Predictive Maintenance 

Technique Application Advantages Limitation 

Support Vector 

Machine (SVM) 

Fault 

classification 

Effective 

with limited 

datasets 

Requires 

parameter 

tuning 

Random Forest Condition 

monitoring 

Robust and 

interpretable 

Higher 

computational 

complexity 

Artificial Neural 

Network (ANN) 

Fault 

diagnosis 

Learns 

nonlinear 

relationships 

Requires large 

training datasets 

Autoencoder Anomaly 

detection 

Supports 

unsupervised 

learning 

Computationally 

intensive 

RNN/LSTM/GRU Time-series 

fault 

analysis 

Captures 

temporal 

dependencies 

Longer training 

time 

C. Integration of IoT and Machine Learning 

The combination of IoT and machine learning has enabled the 

development of intelligent predictive maintenance systems 

capable of real-time fault diagnosis and decision support. IoT 

devices continuously collect operational data, while machine 

learning models process the acquired information to identify 

abnormal operating conditions and predict potential failures. 

A typical predictive maintenance framework consists of 

sensors for data acquisition, communication infrastructure for 

data transmission, storage and processing units, machine 

learning models for fault analysis, and maintenance decision 

modules. The integration of these components enables 

automated monitoring and early fault detection, reducing 

equipment downtime and maintenance costs [8], [12]. 

Fig 1.The general architecture of an IoT and machine learning-

based predictive maintenance system 

 

IV. LITERATURE REVIEW OF EXISTING 

RESEARCH 

The rapid advancement of predictive maintenance 

technologies has attracted considerable attention from 

researchers and industrial practitioners. Various approaches 

have been proposed for machine condition monitoring, fault 

diagnosis, anomaly detection, and maintenance decision 

support. Early studies primarily focused on signal-processing 

and condition-monitoring techniques, whereas recent 

research has increasingly incorporated machine learning, 

deep learning, IoT, and edge-computing technologies. These 

developments have significantly improved the ability to 

detect faults at an early stage and enhance equipment 

reliability. This section reviews representative studies related 

to predictive maintenance and industrial motor fault 

diagnosis, highlighting their methodologies, applications, and 

key contributions.  

Table 3.Summary of Reviewed Studies 

Ref Year Method/Technique Application 

[1] 2000 Motor Current Signature 

Analysis 

Induction motor fault 

detection 

[2] 2009 Prognostics Framework Rotating machinery 

maintenance 

[3] 2020 Machine Learning 

Techniques 

Industry 4.0 predictive 

maintenance 

[7] 2007 Support Vector Machine Machine condition 

monitoring 

[8] 2020 Systematic Literature 

Review 

Predictive maintenance 
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[9] 2014 Autoencoder Anomaly detection 

[13] 2024 Machine Learning-Based 

Analysis 

Induction motor fault 

diagnosis 

[14] 2024 Signal Processing and ML Induction motor fault 

diagnosis 

A. Traditional Fault Diagnosis Methods 

Early fault diagnosis methods primarily relied on condition-

monitoring and signal-processing techniques to evaluate the 

health of industrial motors. Parameters such as motor current, 

vibration, temperature, and acoustic signals were analyzed to 

detect abnormalities during operation. Ben Bouzid [1] 

reviewed Motor Current Signature Analysis (MCSA) and 

demonstrated its effectiveness in identifying various 

induction motor faults through frequency-domain analysis. 

Similarly, vibration-based monitoring techniques became 

widely adopted because of their ability to detect mechanical 

defects in rotating machinery [5]. 

Reliability studies further highlighted the importance of 

continuous monitoring in reducing unexpected motor 

failures. Albrecht et al. [6] investigated motor reliability in 

industrial applications and identified common failure 

mechanisms affecting operational performance. Although 

these traditional approaches provided valuable diagnostic 

information, they often required expert interpretation and 

extensive signal-processing knowledge. These limitations 

encouraged the development of machine learning-based 

techniques capable of automating fault diagnosis and 

improving predictive maintenance performance. 

B. Machine Learning-Based Predictive Maintenance 

Systems 

The increasing availability of sensor data has encouraged the 

adoption of machine learning techniques for predictive 

maintenance applications. Unlike traditional fault diagnosis 

methods, machine learning algorithms can automatically 

identify patterns associated with machine degradation and 

fault development. Heng et al. [2] highlighted the growing 

importance of prognostics and condition monitoring in 

rotating machinery, while Cinar et al. [3] discussed the role 

of machine learning in enabling intelligent maintenance 

strategies within Industry 4.0 environments. These 

approaches improve fault detection accuracy and support 

data-driven maintenance decision making. 

Among various machine learning techniques, Support Vector 

Machines (SVMs) have been widely used for machine 

condition monitoring and fault classification because of their 

strong performance on limited datasets [7]. Recent studies by 

Venkatesh and Neethi [13] and Samiullah et al. [14] 

demonstrated the effectiveness of combining machine 

learning algorithms with signal-processing techniques for 

induction motor fault diagnosis. Their findings indicate that 

machine learning models can successfully classify motor 

faults and provide early warning of abnormal operating 

conditions. 

C. Deep Learning-Based Motor Fault Diagnosis 

Recent advancements in deep learning have further enhanced 

the capabilities of predictive maintenance systems. Deep 

learning models can automatically learn complex features 

from raw sensor data, reducing the need for extensive manual 

feature extraction. Sakurada and Yairi [9] demonstrated the 

use of autoencoders for anomaly detection, showing their 

ability to identify abnormal operating conditions through 

unsupervised learning techniques. Such approaches have 

become increasingly relevant for industrial systems where 

fault data may be limited. 

More recent studies have explored advanced neural network 

architectures for motor fault diagnosis. Zhang et al[15]. 

proposed a fault diagnosis framework combining time-

frequency signal analysis with convolutional neural networks 

(CNNs) to improve diagnostic accuracy and efficiency. 

Similarly, a dual recurrent neural network architecture based 

on GRU and LSTM layers achieved high classification 

performance for multiple motor fault conditions, 

demonstrating the effectiveness of deep learning in analyzing 

time-series motor data. These developments highlight the 

growing role of deep learning in intelligent predictive 

maintenance systems. 

D. Edge AI and IoT-Based Predictive Maintenance 

Systems 

The integration of IoT technologies has significantly 

improved the implementation of predictive maintenance 

systems by enabling continuous data collection and remote 

equipment monitoring. IoT-based platforms utilize 

interconnected sensors and communication networks to 

acquire operational parameters such as vibration, 

temperature, current, and sound in real time. Zanella et al. 

[12] highlighted the role of IoT in supporting intelligent 

monitoring applications through efficient data acquisition and 

communication infrastructures. These capabilities have made 

IoT an essential component of modern predictive 

maintenance frameworks. 

Recent research has also focused on deploying machine 

learning models directly on edge devices to reduce latency 

and dependence on cloud computing resources. TinyML 

techniques enable lightweight machine learning models to 

operate on resource-constrained embedded systems [4]. 

Model optimization approaches such as quantization [10] and 

knowledge distillation [11] further reduce computational 

requirements while maintaining acceptable prediction 

accuracy. The combination of IoT connectivity and edge 

intelligence enables faster fault detection, lower 

communication overhead, and improved scalability for 

industrial predictive maintenance applications. 

V. COMPARATIVE ANALYSIS OF EXISTING 

STUDIES 

Various predictive maintenance approaches have been 

proposed in the literature, ranging from traditional signal-

processing techniques to advanced machine learning and 

deep learning models. Although these methods have 
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demonstrated promising performance in fault diagnosis and 

condition monitoring, they differ in terms of data 

requirements, computational complexity, implementation 

feasibility, and diagnostic capability. Table IV presents a 

comparison of selected studies reviewed in this paper. 

Table 4. Comparison of Selected Predictive Maintenance Studies 

Ref

. 

Technique Applicatio

n 

Strength Limitation 

[1] Motor 

Current 

Signature 

Analysis 

Induction 

motor fault 

detection 

Non-

invasive 

monitoring 

Sensitive to 

noise 

[7] Support 

Vector 

Machine 

Fault 

classificatio

n 

Good 

performance 

with limited 

data 

Requires 

parameter 

tuning 

[9] Autoencoder Anomaly 

detection 

Supports 

unsupervise

d learning 

High 

computational 

cost 

[13] Machine 

Learning-

Based 

Analysis 

Motor fault 

diagnosis 

Early fault 

identificatio

n 

Dependent on 

data quality 

[14] Signal 

Processing + 

ML 

Induction 

motor 

monitoring 

Improved 

classificatio

n accuracy 

Feature 

extraction 

required 

[15] TF-SDA + 

CNN 

Motor fault 

diagnosis 

High 

diagnostic 

accuracy 

Complex 

implementatio

n 

[16] GRU-LSTM 

Network 

Motor fault 

classificatio

n 

Effective for 

time-series 

data 

Longer 

training time 

The comparison indicates that traditional signal-processing 

methods remain useful for extracting fault-related 

information; however, their effectiveness often depends on 

expert interpretation. Machine learning techniques such as 

SVMs provide reliable fault classification with relatively low 

computational requirements, while deep learning models 

offer improved feature-learning capabilities and higher 

diagnostic accuracy. Recent studies increasingly combine 

advanced neural network architectures with intelligent 

monitoring frameworks to improve predictive maintenance 

performance. Despite these advancements, challenges related 

to computational complexity, data availability, and real-time 

deployment continue to limit large-scale industrial adoption. 

VI.  RESEARCH GAPS AND CHALLENGES 

Despite significant advancements in predictive maintenance 

technologies, several challenges continue to limit their 

largescale industrial adoption. Many existing studies rely on 

controlled laboratory datasets and predefined fault 

conditions, which may not accurately represent real-world 

industrial environments. Variations in operating conditions, 

environmental factors, and machine configurations can affect 

model performance and reduce generalization capability. 

Furthermore, the availability of labeled fault data remains a 

major challenge, particularly for rare failure conditions where 

historical fault records are limited [3], [8]. 

Another limitation observed in the literature is the 

dependence on single-sensor monitoring approaches. While 

vibration or current signals can provide valuable diagnostic 

information, relying on a single data source may reduce fault 

detection reliability under complex operating conditions. In 

addition, many advanced deep learning models require 

significant computational resources, making real-time 

deployment difficult for resource-constrained industrial 

systems. Issues related to model interpretability, scalability, 

cybersecurity, and edge deployment also remain active 

research challenges. Addressing these limitations is essential 

for developing more reliable, efficient, and practical 

predictive maintenance solutions for industrial applications. 

Table 5.Research Gaps and Future Opportunities 

Research Gap Impact Potential Direction 

Limited availability of 

fault datasets 

Reduced model 

generalization 

Development of 

larger and more 

diverse datasets 

Dependence on single-

sensor monitoring 

Lower diagnostic 

reliability 

Multi-sensor data 

fusion techniques 

High computational 

requirements of deep 

learning models 

Difficult real-time 

deployment 

Edge AI and 

lightweight models 

Limited model 

interpretability 

Reduced user trust 

and adoption 

Explainable AI 

techniques 

Cloud dependency in 

monitoring systems 

Increased latency and 

communication 

overhead 

Edge and hybrid 

computing 

architectures 

Scalability challenges 

in industrial 

environments 

Deployment 

complexity 

Distributed IoT-based 

frameworks 

The identified research gaps indicate that future predictive 

maintenance systems should focus on improving data quality, 

enhancing real-time deployment capabilities, and integrating 

intelligent multi-sensor monitoring frameworks capable of 

operating efficiently in industrial environments. 

VII.  FUTURE RESEARCH DIRECTIONS 

Future predictive maintenance systems are expected to 

benefit from advancements in artificial intelligence, edge 

computing, and Industrial Internet of Things (IIoT) 

technologies. Multi-sensor data fusion techniques that 

combine vibration, current, temperature, acoustic, and 

operational data can provide a more comprehensive 

understanding of machine health and improve fault diagnosis 

accuracy. Additionally, the increasing availability of low-cost 

sensors and embedded platforms is expected to facilitate the 

deployment of intelligent monitoring systems across a wider 

range of industrial applications. 

Another promising research direction involves the integration 

of lightweight machine learning and deep learning models 

with edge devices for real-time fault detection. Techniques 

such as TinyML, model quantization, and knowledge 

distillation can reduce computational requirements while 

maintaining satisfactory predictive performance. 

Furthermore, explainable artificial intelligence (XAI), digital 

twin technologies, and adaptive learning frameworks are 

expected to improve model transparency, scalability, and 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

IJERTV15IS060791 Page 5

(This work is licensed under a Creative Commons Attribution 4.0 International License.)



 

decision-making capabilities, contributing to the 

development of more reliable and intelligent predictive 

maintenance systems. 

VIII.  CONCLUSION 

This paper reviewed recent developments in machine 

learning and IoT-based predictive maintenance systems for 

industrial applications, with a particular focus on industrial 

motor condition monitoring and fault diagnosis. Traditional 

condition-monitoring techniques, machine learning 

algorithms, deep learning architectures, and IoT-enabled 

monitoring frameworks were examined and compared. The 

reviewed studies demonstrate that data-driven approaches 

can significantly improve fault detection capabilities and 

support more effective maintenance planning compared with 

conventional maintenance strategies. 

The analysis also identified several challenges, including 

limited fault data availability, computational complexity, 

model interpretability, and real-time deployment constraints. 

Future advancements in multi-sensor monitoring, edge 

intelligence, explainable AI, and Industry 4.0 technologies 

are expected to further enhance predictive maintenance 

capabilities. As these technologies continue to evolve, 

predictive maintenance is likely to play an increasingly 

important role in improving equipment reliability, 

operational efficiency, and maintenance decision-making in 

industrial environments. 

REFERENCES 

[1] M. E. H. Benbouzid, “A review of induction motors signature analysis 

as a medium for faults detection,” IEEE Transactions on Industrial 

Electronics, vol. 47, no. 5, pp. 984–993, Oct. 2000. DOI: 

10.1109/41.873206 

[2]  A. Heng, S. Zhang, A. C. C. Tan, and J. Mathew, “Rotating machinery 

prognostics: State of the art, challenges and opportunities,” Mechanical 

Systems and Signal Processing, vol. 23, no. 3, pp. 724–739, 2009. DOI: 

10.1016/j.ymssp.2008.06.009 

[3]  Z. M. Cinar, A. Abdussalam Nuhu, Q. Zeeshan, O. Korhan, M. Asmael, 

and B. Safaei, “Machine learning in predictive maintenance towards 

sustainable smart manufacturing in Industry 4.0,” Sustainability, vol. 

12, no. 19, 2020. DOI: 10.3390/su12198219 

[4]  P. Warden and D. Situnayake, TinyML: Machine Learning with 

TensorFlow Lite on Arduino and Ultra-Low-Power Microcontrollers. 

Sebastopol, CA, USA: O’Reilly Media, 2020. ISBN: 978-1492052043 

[5]  R. B. Randall, Vibration-Based Condition Monitoring: Industrial, 

Aerospace and Automotive Applications. Chichester, U.K.: Wiley, 

2011. ISBN: 978-0470747858 

[6]  P. F. Albrecht, J. C. Appiarius, and D. K. Sharma, “Assessment of the 

reliability of motors in utility applications,” IEEE Transactions on 

Energy Conversion, vol. 1, no. 1, pp. 39–46, Mar. 1986. DOI: 

10.1109/TEC.1986.4765737 

[7]  A. Widodo and B. S. Yang, “Support vector machine in machine 

condition monitoring and fault diagnosis,” Mechanical Systems and 

Signal Processing, vol. 21, no. 6, pp. 2560–2574, 2007. DOI: 

10.1016/j.ymssp.2006.12.007 

[8]  T. Zonta, C. A. da Costa, R. da Rosa Righi, M. J. de Lima, E. S. da 

Trindade, and G. P. Li, “Predictive maintenance in the industry 4.0: A 

systematic literature review,” Computers & Industrial Engineering, 

vol. 150, 2020. DOI: 10.1016/j.cie.2020.106889 

[9]  M. Sakurada and T. Yairi, “Anomaly detection using autoencoders 

with nonlinear dimensionality reduction,” Proceedings of the MLSDA 

Workshop, 2014. DOI: 10.1145/2689746.2689747 

[10]  B. Jacob et al., “Quantization and training of neural networks for 

efficient integer-arithmetic-only inference,” Proceedings of CVPR, 

2018, pp. 2704–2713. DOI: 10.1109/CVPR.2018.00286 

[11]  G. Hinton, O. Vinyals, and J. Dean, “Distilling the knowledge in a 

neural network,” arXiv preprint arXiv:1503.02531, 2015. 

arXiv:1503.02531 

[12]  A. Zanella, N. Bui, A. Castellani, L. Vangelista, and M. Zorzi, “Internet 

of Things for smart cities,” IEEE Internet of Things Journal, vol. 1, no. 

1, pp. 22–32, Feb. 2014. DOI: 10.1109/JIOT.2014.2306328 

[13] K. Venkatesh and M. Neethi, “Fault Analysis and Predictive 

Maintenance of Induction Motor Using Machine Learning,” arXiv, 

2024. arXiv:2409.09944 

[14]  M. Samiullah, H. Ali, S. Zahoor, and A. Ali, “Fault Diagnosis on 

Induction Motor using Machine Learning and Signal Processing,” 

arXiv, 2024. arXiv:2401.15417 

[15]  X. Zhang, W. Liang, Y. Qu, X. Wang, and S. Huang, 

"Motor Fault Diagnosis Based on Time-Frequency Swinging Door 

Algorithm and Convolutional Kernel Receptive Field Matching 

Framework," 

IEEE Transactions on Reliability, vol. 73, no. 3, pp. 1581–1591, 2024. 

DOI: 10.1109/TR.2023.3339331 

[16]  Y. Alkhanafseh, T. C. Akinci, E. Ayaz, and A. A. Martinez-Morales, 

"Advanced Dual RNN Architecture for Electrical Motor Fault 

Classification," 

IEEE Access, vol. 12, pp. 2965–2976, 2024. 

DOI: 10.1109/ACCESS.2023.3344676 

Published by : International Journal of Engineering Research & Technology (IJERT)
https://www.ijert.org/ ISSN: 2278-0181
An International Peer-Reviewed Journal Vol. 15 Issue 06 , June - 2026

IJERTV15IS060791 Page 6

(This work is licensed under a Creative Commons Attribution 4.0 International License.)


