
ITSI Transactions on Electrical and Electronics Engineering 

 

© 2025 The Authors. Published by MRI INDIA.   
This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).  
 

 
 
Smart Predictive Maintenance of Induction Motor using ML  
 

1Prof. G. R. Padule, 2Zambare Vrushali Vishal, 3Patil Dnyaneshwari Ravikant, 4Bhosale 
Shweta Anil 
1 2 3 4 5Department Of Electrical Engineering, 
S. B. Patil College Of Engineering,Indapur 
Email: ganeshpadule88@gmail.comvrushalizambare15@gmail.com, drpatil2042004@gmail.com, 
shwetabhosale7522@gmail.com 
 

Peer Review Information  
  
Submission: 11 Sept 2025  

Revision: 10 Oct 2025  

Acceptance: 22 Oct 2025  

 
Keywords  
  
Predictive Maintenance, 
Induction Motor, Machine 
Learning, Fault Diagnosis, 
Condition Monitoring, 
Artificial Neural Network 
(ANN), Support Vector 
Machine (SVM), Random 
Forest, Deep Learning, 
Internet of Things (IoT), 
Remaining Useful Life (RUL), 
Vibration Analysis, Motor 
Health Monitoring, Data-
driven Maintenance, Smart 
Manufacturing. 
 

Abstract 

Induction motors are vital components in industrial and commercial 
systems, where unexpected failures can lead to costly downtime and 
reduced productivity. Traditional maintenance strategies such as 
corrective and preventive maintenance are often inefficient, either 
reacting too late or performing unnecessary servicing. Predictive 
maintenance, powered by machine learning (ML) techniques, offers a 
smarter approach by forecasting motor health conditions based on 
real-time data analysis. This review paper presents an overview of 
recent advancements in predictive maintenance for induction motors 
using ML algorithms. Various techniques such as support vector 
machines (SVM), artificial neural networks (ANN), random forests, and 
deep learning models are discussed for fault detection, diagnosis, and 
remaining useful life (RUL) estimation. The paper also highlights the 
importance of feature extraction from vibration, current, and 
temperature signals, as well as the integration of Internet of Things 
(IoT) and cloud computing for real-time monitoring. Comparative 
analysis of different ML approaches is provided to identify their 
strengths, limitations, and potential for industrial application. Finally, 
the review outlines current challenges and future research directions 
for developing efficient, scalable, and interpretable predictive 
maintenance frameworks for induction motors. 

  
INTRODUCTION 
Induction motors are widely used in various 
industrial applications due to their robustness, 
reliability, and cost-effectiveness. They play a 
crucial role in manufacturing, transportation, 
energy, and process industries. However, like 
all rotating machines, induction motors are 
subject to faults and degradation over time due 
to factors such as mechanical wear, electrical 
stress, and environmental conditions. 
Unexpected motor failures can lead to 

significant production losses, safety risks, and 
high maintenance costs. Therefore, effective 
maintenance strategies are essential to ensure 
continuous operation and system reliability. 
Traditional maintenance approaches, such as 
corrective and preventive maintenance, have 
certain limitations. Corrective maintenance 
responds only after a failure occurs, resulting in 
unplanned downtime, while preventive 
maintenance is performed at fixed intervals 
regardless of the actual condition of the motor, 
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often leading to unnecessary servicing and 
increased cost.  
Predictive maintenance (PdM) leverages sensor 
data such as vibration, current, temperature, 
and acoustic signals to assess the motor’s health 
condition. With the integration of machine 
learning (ML) techniques, PdM systems can 
automatically learn patterns from data, identify 
early signs of faults, and predict the remaining 
useful life (RUL) of components. Various ML 
algorithms, including Support Vector Machines 
(SVM), Artificial Neural Networks (ANN), 
Decision Trees, and Deep Learning models, have 
shown promising results in fault detection and 
diagnosis. In recent years, the combination of 
machine learning, Internet of Things (IoT), and 
cloud computing has further enhanced 
predictive maintenance capabilities, enabling 
continuous monitoring and intelligent decision-
making. 
 
FEATURES OF TEG 
Energy Harvesting Capability-TEGs can 
generate electrical power from the waste heat 
produced by induction motors or nearby 
machinery, reducing dependency on external 
power sources.Sustainability and Efficiency-
They utilize available thermal energy, making 
the system more sustainable and energy-
efficient. 
Self-Powered Sensor Operation-TEGs can 
supply power to sensors, wireless transmitters, 
and IoT modules used in predictive 
maintenance systems, enabling continuous and 
autonomous operation. 
Compact and Maintenance-Free Design-TEGs 
have no moving parts, which makes them 
compact, durable, and nearly maintenance-
freeideal for harsh industrial environments. 
Improved System Reliability-By ensuring 
continuous power to monitoring devices, TEGs 
improve the reliability and uptime of predictive 
maintenance systems. 
Compatibility with IoT Systems-TEG-generated 
energy can be integrated with IoT-based data 
acquisition modules for real-time monitoring 
and analytics of motor health. 
Temperature Gradient Utilization-TEGs 
efficiently convert temperature differences 
(between motor surface and ambient air) into 
useful electrical energy, which can be used to 
power sensors or data transmission. 
 
LITERATURE SURVEY 
1. Typical faults in induction motors 
The most common faults studied are bearing 
defects, stator winding faults (inter-turn short-
circuits), rotor faults (broken bars), 
eccentricity, and electrical supply/inverter 

issues. Bearing defects are often reported as the 
largest single contributor to motor failures 
(often cited around 40–50% in many studies), 
making vibration and bearing-health 
monitoring a high-priority Pdm task.  
 
2.  Sensors and data sources 
Predictive maintenance approaches use one or 
more of: motor current (Motor Current 
Signature Analysis — MCSA), vibration 
(accelerometers), acoustic emissions, 
temperature, and electrical signals (voltage, 
power). MCSA is particularly attractive because 
it often needs no additional mechanical sensors 
(uses existing current measurements) and has a 
long history in fault detection literature. 
Vibration sensors provide direct mechanical-
fault signatures (bearing, misalignment) and 
are commonly combined with current data for 
multi-modal diagnosis.  
 
3. Signal processing & feature extraction 
Before applying ML, raw signals are typically 
processed to reveal fault-related features.  
common techniquesFrequency-domain: FFT 
and spectral analysis to find fault-frequency 
sidebands  
Time–frequency: Short-time Fourier transform 
(STFT), Wavelet Transform, and Hilbert–Huang 
methods to capture transient and non-
stationary features 
Statistical/time-domain features: RMS, kurtosis, 
skewness, envelope analysis (vibration). Many 
modern works use combinations (wavelet + 
statistical features, or spectrograms as image 
inputs for CNNs). These preprocessing steps 
remain crucial because feature quality strongly 
affects ML performance.  
 
4. Machine learning methods:Classical 
supervised ML: SVM, Random Forests, k-NN, 
Naïve Bayes and Gradient Boosting have been 
widely used for fault classification and shown to 
perform well when features are well engineered 
and datasets are moderate-sized. 
Comparativestudieshighlight RF and SVM as 
strong baselines for multi-class diagnosis. 
 Unsupervised / anomaly detection: 
Autoencoders, isolation forests, and clustering 
are used when labelled faulty data are scarce; 
anomaly scores flag deviations from normal 
behaviour. 
Deep learning: CNNs applied to spectrograms or 
raw signals and LSTM/GRU networks for 
temporal patterns have shown promising 
results, reducing the need for handcrafted 
features and improving accuracy for complex 
multi-fault cases. Hybrid models (CNN + SVM or 
CNN + LSTM) are common. Case studies report 
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high classification accuracy (>95%) in 
controlled datasets but often on lab-scale 
motors.  
 
5. Datasets and benchmarking 
A major limitation in the field has been limited 
access to large, labeled, real-world datasets 
covering multiple fault types and operating 
conditions. Recent works have started 
publishing richer synchronized multi-sensor 
datasets (vibration, current, voltage) sampled at 
high rates to enable more robust ML training 
and cross-validation. Use of realistic, noisy, 
multi-load datasets is key to building 
generalizable models.  
 
6. Performance metrics & experimental 
protocols 
Studies typically report classification accuracy, 
precision/recall/F1, confusion matrices and 
sometimes remaining useful life (RUL) metrics. 
Cross-validation and testing on unseen 
operating conditions (load/speed variations) 
are important to demonstrate generalization. 
Papers that only test on narrow lab conditions 
can overstate real-world performance; transfer 
to industrial settings requires robustness tests.  
 
7. Challenges & open problems 
Label scarcity and class imbalance: Fault cases 
are rarer than healthy data, complicating 
supervised learning. 
Domain shift: Models trained on lab data often 
fail when deployed under different loads, 
machines, or sensor placements. Domain 
adaptation and transfer learning are active 
research directions. 
Multi-fault and simultaneous faults: Detecting 
and isolating multiple simultaneous faults is 
harder and less-studied. Recent work targets 
multi-label classification and combined-fault 
datasets.  
Explainability and trust: For maintenance 
decision-making, interpretable models and 
confidence estimates are important. 
Edge/real-time deployment: Constrained 
compute and latency requirements push 
research toward lightweight models and on-
device inference.  
 
9. Recent trends & future directions 
Hybrid approaches that combine classical 
signal-processing insights (e.g., MCSA, envelope 
analysis) with deep learning for automated 
feature learning. Use of multi-sensor fusion 
(current + vibration + temperature) to improve 
robustness. Focus on RUL estimation and 
prognostics (not only classification) using 
sequence models and regression frameworks. 

Public, high-quality datasets and standardized 
benchmarks to enable fair comparisons and 
reproducibility.  
 
METHODOLOGY 
A. Block Diagram: 

 
Fig: smart predictive maintenance of induction 

motor using ML 
 Methodology 
Data Acquisition: Sensors such as vibration, 
current, temperature, and acoustic sensors 
collect real-time operational data from 
theinduction motor .IoT modules or data 
acquisition systems (DAQ) transmit this data to 
a central processing unit or cloud storage. 
Data Preprocessing: The raw sensor data is 
cleaned, normalized, and filtered to remove 
noise and irrelevant information.Feature 
Extraction and Selection: Useful features such 
as Root Mean Square (RMS), kurtosis, skewness, 
Fast Fourier Transform (FFT) components, and 
wavelet coefficients are identified.Feature 
selection techniques help in choosing the most 
relevant parameters that affect motor health. 
Machine Learning Model Training: The 
preprocessed and labeled data is used to train 
ML models such as Support Vector Machine 
(SVM), Artificial Neural Network (ANN), 
Random Forest, or Deep Learning (CNN, LSTM) 
models. 
These models learn to classify the motor’s 
condition (healthy, faulty, or degraded). 
 Fault Diagnosis and Prediction:The trained 
model analyzes incoming sensor data in real 
time to detect anomalies or early fault 
signaturesIt predicts the Remaining Useful Life 
(RUL) of the motor components based on 
degradation trends. 
 Decision Making and Maintenance 
Planning:Based on the ML predictions, 
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maintenance teams receive alerts or 
recommendations for timely servicing or part 
replacement. 
The system ensures optimized maintenance 
scheduling and reduced downtime. 
 Performance Evaluation:Model accuracy, 
precision, recall, and other performance metrics 
are evaluated to ensure reliability and 
robustness.Continuous feedback and retraining 
improve model performance over time. 
 
SCOPE OF THE STUDY 
The scope of this study focuses on exploring the 
application of machine learning (ML) 
techniques in the predictive maintenance of 
induction motors, which are widely used in 
industrial and commercial systems. The study 
aims to analyze various ML algorithms such as 
Support Vector Machines (SVM), Artificial 
Neural Networks (ANN), Decision Trees, 
Random Forest, and Deep Learning models for 
fault detection, diagnosis, and remaining useful 
life (RUL) estimation of induction motors. 
This review highlights how data collected from 
sensors—such as vibration, temperature, 
current, and acoustic signals—can be processed 
and analyzed using ML models to predict 
potential failures before they occur. The study 
also covers the integration of ML-based 
predictive maintenance with IoT platforms and 
real-time monitoring systems for smart 
industry applications. 
Furthermore, the research encompasses 
comparisons between traditional maintenance 
strategies (reactive and preventive) and 
predictive maintenance, emphasizing 
improvements in cost efficiency, reliability, and 
equipment lifespan. The scope also extends to 
identifying challenges such as data quality, 
feature extraction, model training, and 
implementation in large-scale industrial 
environments. 
 
ADVANTAGES 
Early Fault Detection: Machine learning enables 
early identification of potential motor faults by 
analyzing sensor data, preventing unexpected 
breakdowns and major failures. 
Reduced Maintenance Costs: Predictive 
maintenance minimizes unnecessary 
inspections and repairs by scheduling 
maintenance only when required, significantly 
lowering maintenance expenses. 
Minimized Downtime: By predicting failures in 
advance, ML-based systems help plan 
maintenance activities during non-production 
hours, reducing unplanned downtime. 
Enhanced System Reliability: Continuous 
monitoring ensures that induction motors 

operate at optimal performance levels, 
increasing system reliability and operational 
efficiency. 
Improved Equipment Lifespan: Detecting and 
resolving minor issues before they escalate 
prevents mechanical stress and extends the 
overall life of the motor and its components. 
Energy Efficiency: Healthy motors consume less 
energy. Predictive maintenance helps maintain 
proper operating conditions, reducing power 
losses and improving energy efficiency. 
Automation of Fault Diagnosis: ML models 
automate the process of analyzing complex 
datasets and classifying motor conditions, 
reducing dependence on manual inspection and 
expert intervention. 
Data-Driven Insights: Machine learning 
provides valuable insights from operational 
data, enabling better decision-making for 
maintenance planning and resource allocation. 
Scalability and Adaptability: Predictive 
maintenance systems can be easily scaled 
across multiple machines or production units 
and continuously improve as more data 
becomes available. 
Integration with Smart Industry Technologies: 
The approach supports Industry 4.0 initiatives 
by integrating IoT, cloud computing, and real-
time analytics for intelligent and connected 
industrial maintenance systems. 
 
DISADVANTAGES 
High Initial Investment: Implementing ML-
based predictive maintenance requires sensors, 
data acquisition systems, and computational 
infrastructure, which can be costly for small- 
and medium-scale industries. 
Data Quality and Availability: Accurate 
predictions depend on high-quality, continuous 
sensor data. Missing, noisy, or insufficient data 
can reduce the effectiveness of ML models. 
Complexity in Model Development: Developing, 
training, and validating machine learning 
models require expertise in data science, signal 
processing, and domain knowledge of induction 
motors, making implementation challenging. 
Dependence on Sensor Reliability: Faulty or 
improperly calibrated sensors can lead to 
incorrect predictions and misdiagnosis of motor 
health. 
Integration Challenges: Integrating predictive 
maintenance systems with existing industrial 
control and monitoring systems can be 
technically complex and time-consuming. 
Algorithm Limitations: Some machine learning 
models may struggle with rare or unforeseen 
fault conditions, leading to false positives or 
missed failures. 
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Maintenance of the ML System: The predictive 
maintenance system itself requires regular 
updates, retraining, and monitoring to adapt to 
changing operating conditions, adding ongoing 
operational effort. 
Cybersecurity Risks: With IoT and cloud 
integration, predictive maintenance systems are 
exposed to potential cybersecurity threats that 
could disrupt monitoring or manipulate data. 
 
APPLICATIONS 
Manufacturing Industry: Induction motors are 
extensively used in conveyor systems, pumps, 
compressors, and machine tools. Predictive 
maintenance helps prevent unplanned 
downtime, optimize production schedules, and 
reduce repair costs. 
Process Industries: In chemical, pharmaceutical, 
and food processing plants, motors drive 
critical operations. ML-based predictive 
maintenance ensures continuous operation and 
prevents product loss due to motor failures. 
Automotive Industry: Electric motors used in 
assembly lines, robotic arms, and automated 
guided vehicles (AGVs) benefit from predictive 
maintenance to maintain reliability and 
efficiency in production. 
HVAC Systems:Motors in heating, ventilation, 
and air conditioning systems can be monitored 
to avoid failures that affect building climate 
control and energy consumption. 
Energy and Utilities:Motors in pumps, turbines, 
and generators in power plants and water 
treatment facilities can be monitored using ML 
to maintain optimal performance and reduce 
energy waste. 
Textile Industry:Motors driving looms, spinning 
machines, and other textile machinery can be 
continuously monitored to prevent stoppages 
that impact production quality and efficiency. 
Agriculture:Motors in irrigation pumps, grain 
processing, and other farm machinery can be 
monitored to reduce operational downtime and 
maintain productivity during critical farming 
periods. 
Mining and Material Handling:Motors driving 
crushers, conveyors, and hoists can be 
maintained proactively to prevent costly 
equipment breakdowns in harsh environments. 
Smart Factories / Industry 4.0:Predictive 
maintenance can be integrated with IoT and 
cloud analytics to monitor multiple motors in 
real time, enabling data-driven operational 
decisions and predictive scheduling 
Transportation and Logistics: Motors used in 
automated warehouse systems, electric 
vehicles, and transport conveyor systems can 
benefit from ML-based predictive maintenance 
to ensure safety and reduce operational delays. 

CONCLUSION 
Predictive maintenance using machine learning 
techniqueshas emerged as a highly effective 
approach for enhancing the reliability, 
efficiency, and lifespan of induction motor. By 
leveraging real-time data from sensors and 
advanced ML algorithms, potential faults can be 
detected early, allowing maintenance to be 
performedproactively rather than reactively. 
This approach not only reduces unplanned 
downtime and maintenance costs but also 
improves energy efficiency and overall system 
productivity. 
The study highlights that ML-based predictive 
maintenance offers significant advantages over 
traditional maintenance strategies, including 
automation, scalability, and data-driven 
decision-making. However, challenges such as 
high initial costs, data quality requirements, 
model complexity, and integration issues must 
be carefully addressed for successful 
implementation. 
The applications of predictive maintenance 
span across industries such as manufacturing, 
automotive, energy, HVAC, textiles, agriculture, 
and smart factories, demonstrating its wide-
ranging impact and potential for Industry 4.0 
adoption. Overall, predictive maintenance 
powered by machine learning represents a 
transformative approach to motor maintenance, 
contributing to smarter, safer, and more cost-
effective industrial operations. 
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