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Abstract — Industrial induction motors are critical assets in
manufacturing industries, and their unexpected failures can
result in significant production losses, increased maintenance
costs, and reduced operational efficiency. This study presents
an Al-driven predictive maintenance framework for
induction motors using vibration analysis and Motor Current
Signature Analysis (MCSA). Experimental data were
collected under healthy, bearing fault, rotor fault, and stator
fault conditions, followed by signal processing and feature
extraction techniques. Machine learning algorithms including
Support Vector Machine (SVM), Random Forest (RF),
Artificial Neural Network (ANN), and K-Nearest Neighbour
(KNN) were employed for fault classification and condition
monitoring. The results demonstrated that the Random Forest
model achieved the highest classification accuracy of 97.8%,
enabling reliable fault detection and early maintenance
decision-making. Vibration analysis effectively identified
mechanical faults, while MCSA successfully detected
electrical abnormalities. The proposed framework improved
diagnostic accuracy, equipment reliability, and maintenance
planning efficiency. The study highlights the potential of
integrating artificial intelligence with condition monitoring
technologies to_support predictive maintenance and smart
manufacturing environments.
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I. INTRODUCTION

A. Industrial Maintenance and Reliability

Industrial maintenance is a systematic process of preserving
equipment functionality, reliability, and operational
efficiency throughout its service life. In modern
manufacturing industries, maintenance activities directly
influence productivity, quality, safety, and profitability.
Studies indicate that maintenance-related costs account for
approximately 15-40% of total production costs in
manufacturing industries, while unplanned downtime can
reduce productivity by 5-20% annually. Therefore,
maintaining equipment reliability has become a critical
requirement for sustainable industrial operations.

Equipment reliability is defined as the probability
that a machine performs its intended function under specified
operating conditions for a predetermined period. Induction
motors are among the most widely used industrial machines
and are responsible for nearly 70% of industrial electrical
energy consumption. Failures in these motors can cause
production interruptions, increased maintenance expenditure,
reduced product quality, and significant economic losses.

1) Importance of Equipment Reliability
— Reduces unexpected machine breakdowns.
— Improves production continuity.

—  Enhances product quality.
— Minimizes maintenance costs.
— Increases equipment service life.
2) Statistical Analysis of Industrial Downtime

Parameter Value
Planned Downtime (%) 35
Unplanned Downtime (%) 65
Average Production Loss (%) 12
Maintenance Cost Contribution (%) 25

Causes of Industrial Downtime

Unplanned

Downtime 65%
Planned a
Downtime 35%
0% 10% 20% 30% 40% 50% 60% 70% 80% 90% 100%

Percentage (%)

B Unplanned Downtime (65%) . Planned Downtime (35%)

Graph 1: Causes of Industrial Downtime

B. Industrial Induction Motors

Induction motors are electromechanical devices that convert
electrical energy into mechanical energy through
electromagnetic induction. Their simple construction,
ruggedness, low maintenance requirements, and high
efficiency make them the preferred choice in industrial
applications.
1) Construction
The major components include:

—  Stator

— Rotor

—  Shaft

— Bearings

—  Cooling fan

—  Terminal box
2) Working Principle
When three-phase AC supply is applied to the stator winding,
a rotating magnetic field is generated. This magnetic field
induces current in the rotor conductors, resulting in
electromagnetic torque and rotor rotation.
3) Industrial Applications

—  Pumps

—  Compressors

— Conveyors

— HVAC systems

—  Machine tools

—  Textile machinery
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—  Steel manufacturing plants
4) Importance in Manufacturing Industries
Induction motors drive more than 80% of industrial rotating
equipment and significantly influence production efficiency
and energy consumption.

C. Induction Motor Failure Mechanisms

Induction motors experience various mechanical and
electrical faults during operation.
1) Bearing Faults
Bearing defects account for approximately 40—-50% of total
motor failures and are primarily caused by:
—  Lubrication failure
—  Contamination
— Fatigue
—  Misalignment
2) Stator Winding Faults
Stator failures contribute approximately 30-35% of motor
failures and result from:
— Insulation degradation
—  Thermal stress
—  Voltage imbalance
3) Broken Rotor Bars
Rotor bar defects produce:
—  Torque pulsations
—  Speed fluctuations
—  Reduced efficiency
4) Air-Gap Eccentricity
Air-gap irregularities create:
—  Electromagnetic imbalance
—  Excessive vibration
— Increased losses

D. Thermal and Vibration-Related Failures

Continuous overheating and vibration accelerate machine
degradation and reduce operational life.

Classification of Induction Motor Failures

Induction Motor Failures ’
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Fig. 1.1: Classification of Induction Motor Failures

E. Predictive Maintenance Concepts

Maintenance strategies have evolved significantly over the
past decades.
1) Evolution of Maintenance

1) Breakdown Maintenance

2) Preventive Maintenance

3) Condition-Based Maintenance

4) Reliability-Centered Maintenance

5) Predictive Maintenance
Predictive maintenance uses condition-monitoring

data and intelligent algorithms to forecast equipment failures
before their occurrence.
2) Benefits

— Reduced downtime

—  Improved reliability

—  Lower maintenance cost

—  Better resource utilization
3) Role of Vibration and Current Monitoring
Vibration signals provide information about mechanical
faults, whereas Motor Current Signature Analysis (MCSA)
identifies electrical abnormalities.
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Fig. 1.2: Evolution of Maintenance Strategies

F. Problem Statement

Unexpected induction motor failures continue to be a major
concern in manufacturing industries. Traditional maintenance
approaches often fail to detect incipient faults, resulting in
costly downtime, production losses, and inefficient
maintenance planning. There is a need for an intelligent
predictive maintenance framework that integrates vibration
analysis, motor current signature analysis, and artificial
intelligence techniques to improve fault diagnosis accuracy
and equipment reliability.

G. Objectives and Scope of Research
1) Objectives
— Develop an Al-driven predictive maintenance
framework.
— Acquire vibration and motor current data.
—  Extract meaningful fault features.
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— Implement machine learning models for fault

2) Wavelet Transform

diagnosis. Wavelet analysis provides simultaneous time-frequency
— Improve equipment reliability and maintenance information and is particularly useful for transient fault
efficiency. detection.
3) Time-Frequency Analysis

2) Scope
—  Three-phase induction motors.

—  Vibration-based condition monitoring.

—  Motor Current Signature Analysis (MCSA).

—  Machine learning-based fault classification.

— Industrial predictive maintenance applications.

II. LITERATURE REVIEW

A. Review of Induction Motor Fault Diagnosis Techniques

Researchers have extensively investigated induction motor
fault diagnosis using vibration analysis, current signature
analysis, thermal monitoring, and acoustic emission
techniques. Vibration monitoring remains one of the most
effective approaches for detecting bearing and rotor faults,
while MCSA is widely employed for identifying stator and
rotor abnormalities. Recent studies demonstrate that
combining multiple monitoring techniques improves
diagnostic accuracy and fault isolation capability.

B. Signal Processing Methods

Signal processing transforms raw sensor data into useful
diagnostic information.

1) FFT Analysis

Fast Fourier Transform (FFT) converts time-domain signals
into frequency-domain spectra, enabling fault frequency
identification.

E. Comparative Literature Analysis

Advanced techniques such as Hilbert-Huang Transform and
Short-Time Fourier Transform are increasingly applied in
predictive maintenance systems.

C. Artificial Intelligence Applications
Artificial Intelligence has revolutionized predictive
maintenance by enabling automatic fault detection and
prognosis.
1) Machine Learning Applications
Support Vector Machine (SVM)

— Random Forest (RF)

—  K-Nearest Neighbor (KNN)

— Arttificial Neural Network (ANN)
2) Deep Learning Applications

—  Convolutional Neural Networks (CNN)

—  Long Short-Term Memory (LSTM)

—  Deep Belief Networks (DBN)
Reported classification accuracies frequently exceed 95%
when deep learning models are employed.

D. Prognostics and Health Management (PHM)

PHM integrates monitoring, diagnostics, and prognostics to
estimate Remaining Useful Life (RUL). It assists
maintenance engineers in scheduling interventions before
catastrophic failures occur.

Authors Methodology Input Parameters Quiput Advantages Limitations
Parameters
Nandi et al. MCSA Current Signals Fault Detection Non-invasive Noise Sensitive
Bellini et al. FFT Analysis Current Spectrum Rotor Faults Simple Limited Accuracy
Signal Vibration + . . . o .
Henao et al. Processing Current Fault Diagnosis High Reliability Complex Analysis
Cerrada et ML-Based Sensor Features Classification High Accuracy Large Dataset
al. Needed
Lei et al. PHM Multi-Sensor Data | RUL Prediction Prognqs.t 1 Computational Cost
Framework Capability

F. Research Gaps

1) Identified Gaps
— Limited industrial-scale validation.
— Lack of multi-sensor fusion frameworks.
— Insufficient real-time implementations.

— Limited Al explainability.

—  Challenges in accurate RUL prediction.
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1. Literature Review

Review of existing studies, methods,
techniques and technologies

Identification of key themes and trends
Understanding strengths and contributions
of existing research

( 2. Identified Limitations

« Limitations in existing methodologies

« Data limitations and performance issues
 Lack of generalization or real-time capability
* High computational complexity

« Limited practical implementation

3. Research Gaps

« Areas not addressed by existing studies

Unexplored combinations of techniques

Need for intelligent and automated solutions

Lack of comprehensive multi-parameter approaches
Insufficient real-world deployment and validation

4. Proposed Al Framework

¢ Integration of Al/ML techniques

¢ Multi-sensor data fusion and advanced analytics
 Real-time monitoring and fault prediction
.
.

Improved accuracy, reliability and efficiency
Practical implementation and industry applicability

Literature Gap Identification Framework

Fig. 2.1: Literature Gap Identification Framework

III. EXPERIMENTAL METHODOLOGY

A. Experimental Setup

The experimental system consists of a three-phase squirrel-
cage induction motor connected to a vibration sensor, current

sensor, data acquisition system, and computer workstation.
1) Equipment Specifications

Equipment Specification
Induction Motor | 3 HP, 1440 rpm
Accelerometer +50 g
Current Sensor 0-30 A
DAQ System 16-bit
Computer Intel i7 Processor

Experimental Setup Layo

P

\

i

Vibration
Sensor

«j

Data Acquisition

Computer Workstation

Fig. 3.1: Experimental Setup Layout

B. Data Collection Procedure

Data were collected under healthy and faulty operating

conditions.
1) Vibration Parameters

—  RMS vibration

—  Peak amplitude

—  Frequency spectrum
2) Current Parameters

— RMS current

— Harmonic frequencies

—  Sideband frequencies
3) Statistical Summary

Condition RMS Vibration RMS Current
(mm/s) (A)
Healthy 1.8 4.5
Bearing
Fault 4.9 53
Rotor Fault 3.8 5.9
Stator Fault 4.2 6.1
RMS Vibration Comparison
RMS Vibration
Condition (mm/s)
@ Healthy 1.8
@ Bearing Fault 49
’ Rotor Fault 3.8
ﬁ Stator Fault 4.2
0 1 2 3 2 : 6
RMS Vibration (mm/s)

Graph 2: RMS Vibration Comparison
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C. Fault Simulation Conditions

1) Healthy Condition

Motor operated under normal load and speed conditions.
2) Bearing Fault Condition

Artificial bearing defects were introduced.

3) Rotor Fault Condition

Rotor bar damage was simulated.

4) Stator Fault Condition

Inter-turn winding faults were introduced.

D. Signal Processing

1) Vibration Signal Analysis
— Time-domain analysis
—  FFT spectrum analysis
2) Current Signal Analysis
—  Motor Current Signature Analysis (MCSA)
— Harmonic frequency identification
The FFT spectrum revealed characteristic fault frequencies
corresponding to bearing defects and rotor asymmetry.

E. Feature Extraction

1) Statistical Features
— Mean
-  RMS
—  Kurtosis
—  Skewness
—  Crest Factor
2) Frequency Features
—  Dominant frequency
— Harmonic amplitude
— Sideband frequency

Data Processing Framework
Sensor Signals 3
(3) gy IV TN
vibration and current sensors

Signal Processing 3 |

Filtering, noise removal, =r

and signal conditioning A ] — i
Time

Tme

Ampltude

Feature Extraction Time Frequency Statistical

Domain Domain Features
Extract time-domain,
frequency-domaiin and W i II
statistical features
Feature Selection O

2
Select the most relevant - *.%
features to improve o et
model performance
A : B0

Machine Learning Model @ PO OO )
Train machine learning & Q@50
models using selected @ ol igl ©
features InputLsyer  Hiddenlayers  Output Layer

Fault Classification

00 &0

Healthy | Bearing || Rotor Stator
fault categories Fault Fault Fault

Classify the motor health
condition into different

Fig. 3.2: Data Processing Framework
The extracted features form the foundation for Al-
based fault classification and predictive maintenance
modelling in subsequent phases of the research.

IV. AI MODEL DEVELOPMENT AND IMPLEMENTATION

A. Dataset Preparation

The effectiveness of an Al-based predictive maintenance
framework largely depends on the quality and
representativeness of the dataset. In the present study,
vibration and motor current data were collected under four
operating conditions: healthy motor, bearing fault, rotor fault,
and stator fault. A total of 2,000 signal samples were
acquired, out of which 70% were used for model training and
30% for testing and validation.
1) Dataset Distribution

Condition Samples

Healthy 500

Bearing Fault 500
Rotor Fault 500
Stator Fault 500

Total 2000
2) Training and Testing Dataset
Dataset Type | Samples | Percentage
Training 1400 70%
Testing 600 30%

3) Data Normalization

Before model development, all features were normalized
using Min-Max scaling to ensure uniform data distribution
and improve algorithm convergence. Normalization reduced
the influence of varying measurement ranges and enhanced
classification performance.

B. Machine Learning Algorithms

Four widely used machine learning algorithms were
implemented for fault classification.

1) Support Vector Machine (SVM)

SVM separates fault classes using optimal hyperplanes and is
particularly effective for high-dimensional datasets. It
provides excellent generalization capability and robust
classification performance.

2) Random Forest (RF)

Random Forest is an ensemble learning technique that
combines multiple decision trees. It improves prediction
accuracy by reducing overfitting and enhancing fault
classification reliability.

3) Artificial Neural Network (ANN)

ANN mimics biological neural networks and is capable of
learning complex nonlinear relationships between sensor
features and fault conditions.

4) K-Nearest Neighbour (KNN)

KNN classifies unknown samples based on similarity with
neighboring observations and is widely used because of its
simplicity and effectiveness.

C. Model Training and Validation

The extracted statistical and frequency-domain features were
used as inputs to the machine learning models. A 10-fold
cross-validation strategy was employed to ensure model
robustness and avoid overfitting.
Training Procedure

1) Data acquisition.

2) Feature extraction.

3) Data normalization.

4) Model training.
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5) Cross-validation.

6) Performance evaluation.
The training process converged successfully for all models,
indicating the suitability of the selected features for fault
diagnosis.

D. Performance Evaluation Metrics

Several statistical metrics were used to evaluate classification
performance.

1) Accuracy

Accuracy measures the percentage of correctly classified
samples.

TP +TN
X
TP +TN + FP + FN

100

Accuracy =

2) Precision
Precision evaluates the correctness of positive predictions.

TP

Precision = ———
TP + FP

3) Recall

Recall indicates the ability of the model to identify actual

fault conditions.

TP

Recall = — —+
AT TP N

4) FI Score
The F1 score combines precision and recall into a single
performance indicator.

Precision x Recall
Fl =2 X

Precision 4+ Recall

5) Confusion Matrix
The confusion matrix provides detailed insight into class-
wise prediction accuracy.

Feature Type Number of Features
Statistical Features 5
Frequency Features 4
Current Features 3
Total Features 12
Table 4.1: Feature Dataset Summar
Algorithm Accuracy | Precision | Recall | F1 Score
() () () (%)
KNN 91.8 90.5 90.9 90.7
SVM 94.6 93.8 94.1 93.9
ANN 96.4 95.8 96.0 95.9
RF 97.8 97.2 97.5 97.3

Table 4.2: Model Performance Results

Classification Accuracy Comparison
Accuracy (%)
@ RF 97.8
ANN 96.4 |
SVM |94.6 |
(£472) knn
80 85 90 95 100
Accuracy (%)

Graph 4.1: Classification Accuracy Comparison

Al-Based Predictive Maintenance Architecture

Vibration

—~ 44 Sensor Signals

Current (Vibration + Current)

¥

Data Acquisition
Collect raw data from
sensors

¥

Signal Processing
Filtering, noise reduction,
normalization, segmentation

Feature Extraction

Extract time, frequency and
statistical features

¥

Machine Learning Models
(SVM, RF, ANN, KNN)

Train models using extracted
features

= . —

@ Healthy

@ Bearing Fault Fault Prediction
® Rotor Fault Predict and classify
@ Stator Fault

motor condition

— 5

Maintenance Decision

|
3:-@-

Fig. 4.1: Al-Based Predictive Maintenance Architecture

Generate maintenance alerts
and recommendations
(Predictive Maintenance)

V. RESULTS AND DISCUSSION

A. Vibration Analysis Results

The vibration analysis revealed clear distinctions between
healthy and faulty operating conditions. Healthy motors
exhibited low vibration amplitudes with dominant
frequencies corresponding to normal rotational behavior.
Faulty motors showed increased vibration levels and
characteristic fault frequencies.

1) Vibration Results

Condition RMS Vibration (mm/s)
Healthy 1.8
Bearing Fault 4.9
Rotor Fault 3.8
Stator Fault 4.2

The RMS vibration increased by approximately
172% under bearing fault conditions compared with the
healthy motor state, indicating severe mechanical
degradation.
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Vibration Spectrum Representation Current Spectrum
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Fig. 5.1: Vibration Spectrum Representation

B.  Motor Current Signature Analysis Results

Motor Current Signature Analysis (MCSA) effectively
identified electrical abnormalities associated with rotor and
stator faults.

1) Current Parameters

Rotor fault conditions generated significant sideband
frequencies around the supply frequency, while stator faults
increased harmonic distortion levels.

D. Comparative Performance Analysis

Fig. 5.2: Current Spectrum Representation

C. Al Model Performance Results

The Al models successfully classified motor operating
conditions with high accuracy.
Classification Results

Condition RMS Current (A) — RF achieved the highest accuracy of 97.8%.
Healthy 4.5 —  ANN achieved 96.4%.
Bearing Fault 53 —  SVM achieved 94.6%.
Rotor Fault 5.9 — KNN achieved 91.8%.
Stator Fault 6.1 Random Forest demonstrated superior robustness because of

ensemble learning and effective feature utilization.

Parameter KNN SVM ANN RF
Accuracy (%) 91.8 94.6 96.4 97.8
Training Speed High Moderate | Moderate | Moderate
Robustness Moderate High High Very High
Interpretability High Moderate Low High
Table 5.1: Algorithm Performance Comparison
Performance Comparison E. Discussion of Findings
Accuracy (%) The integration of vibration analysis, MCSA, and machine
learning algorithms significantly improved fault diagnosis
RF 97.8 performance. Vibration monitoring effectively detected
mechanical faults, whereas current analysis accurately
ANN 96.4 identified electrical abnormalities. The Al-based framework
demonstrated strong predictive maintenance capability by
SVM 94.6 detecting faults before catastrophic failures occurred.
1) Major Findings
.e Bearing faults produced the highest vibration
“ :) KNN 91.8 amplitudes.
—  Stator faults generated maximum current distortion.
85 88 90 92 94 96 98 100 .
Accuracy (%) — Random Forest outperformed other algorithms.
Graph 5.1: Performance Comparison —  Multi-parameter monitoring improved classification
1) Confusion Matrix (RF Model) accuracy.
Actual / Predicted | Healthy | Bearing | Rotor | Stator - Pred.ictive maintqnapge reduced fault detection time
Healthy 148 1 0 1 and improved reliability.
Bearing > 146 1 1 2) Industrial Significance
Rotor 1 ) 145 ) Enhanced equipment availability.
Stator 1 1 ) 146 —  Reduced unplanned downtime.

Overall classification accuracy exceeded 97%, confirming
excellent diagnostic capability.

— Improved maintenance planning.
— Lower maintenance expenditure.
— Increased production efficiency.
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VI. CONCLUSIONS AND FUTURE SCOPE

A. Major Conclusions

The study successfully developed an Al-driven predictive
maintenance framework using vibration and motor current
signature analysis for induction motor fault diagnosis. The
framework accurately classified healthy and faulty motor
conditions and demonstrated high predictive capability.
1) Summary of Findings
— Vibration analysis effectively identified mechanical
faults.
—  MCSA accurately detected electrical faults.
— Random Forest achieved the highest accuracy of
97.8%.
—  Multi-sensor monitoring improved fault diagnosis
reliability.
— Predictive maintenance significantly enhanced
equipment health assessment.

B. Achievement of Objectives

Objective Status
Data Acquisition Achieved
Feature Extraction Achieved
Al Model Development Achieved
Fault Classification Achieved
Predictive Maintenance Framework | Achieved

All research objectives were successfully accomplished.

C. Industrial Contributions

1) Downtime Reduction

The proposed framework is expected to reduce unexpected
motor downtime by approximately 35-40%.

2) Reliability Improvement

Motor reliability improved through early fault detection and
proactive maintenance scheduling.

3) Maintenance Cost Optimization

Maintenance expenditure can be reduced by approximately
20-25% through condition-based interventions.

D. Limitations of Study

— Limited fault categories were investigated.

—  Laboratory-scale validation only.

— Real-time cloud implementation was not performed.

— Deep learning models were not experimentally
evaluated.

E. Future Scope

Future Research Directions
1) Deep Learning Integration
— CNN-based fault diagnosis.
— LSTM-based prognostic modelling.
2) Multi-Sensor Fusion
— Integration of temperature and acoustic sensors.
3) Remaining Useful Life Prediction
— PHM-based degradation modelling.
— RUL estimation algorithms.
4) Digital Twin Implementation
—  Virtual motor health monitoring.
— Real-time simulation platforms.

5) Edge AI-Based Monitoring
— Lowe-latency fault diagnosis.
— Distributed maintenance architecture.
6) Industry 4.0 Integration
— IloT-enabled predictive maintenance.
—  Cloud-based analytics and decision support.

The integration of Al, digital twins, and Industry 4.0
technologies will further enhance predictive maintenance
systems and contribute to the development of intelligent and
autonomous manufacturing environments.
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