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Abstract

Many industrial uses depend on electric motors to work reliably, which is important for keeping things
running smoothly and reducing downtime. On the other hand, these motors can have a number of problems
that can make them work less well or even fail completely. Traditional ways of finding faults often rely on
visual inspections or simple rule-based programs, which aren't always accurate or efficient. The idea in this
study is to use advanced artificial intelligence (Al) methods to create a smart system for diagnosing problems in
electric motors. Adding Al could help make fault finding, classification, and prediction more automated, which
would improve the performance and efficiency of motor systems. The suggested approach uses machine
learning techniques like deep learning, support vector machines (SVM), and ensemble methods to look at
motion data and find trends that can help find problems. The first important step in the suggested scheme is
data gathering, which involves getting different sensor readings from the motor system. Then, these data are
preprocessed to get rid of noise and information that isn't important. This makes sure that the input data for
the next study is of high quality. Feature extraction methods are used to get unique information from the
motor data, which makes fault differentiation easier. The clever fault detection module is the most important
part of the framework. It trains Al models to correctly identify different types of faults by using tagged data.
Deep learning designs, such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs), are
better at understanding complex fault patterns from raw sensing data. By mixing multiple base learning,
ensemble methods like random forests and gradient boosting also improve the accuracy of classification.

Keywords
Electric Motors, Fault Diagnosis, Al Techniques, Machine Learning, Condition Monitoring

<
N
o
N
>
15}
P
o
=
S
D
o
o
D
O
s
<
<
N
o
~
E
S
<
o
=
S
D
2
=
5
0
<
N
o
N
©
S
S
o
D
LL
)
—
S
(5]
=
D
(&)
@
n'd

I. INTRODUCTION time, and mistakes for people to do inspections by
hand, and rule-based systems might not be able to
adapt to complicated problem patterns and changing
working conditions.  Artificial intelligence (Al)
methods, on the other hand, have changed the way
faults are diagnosed by letting computers automatically
look at motor data to find small problems and spot
flaws before they happen. This essay gives an outline
of smart fault finding methods for electric motors that
use Al techniques. It talks about recent progress,
problems, and possible future directions in the field.
When Al is added to problem analysis processes, it has
the potential to make them more reliable, accurate, and
efficient. This could improve the performance and

Electric motors are used in a lot of different types of
tools and equipment that are needed in many different
industries, like manufacturing, transportation, and
energy generation. For processes to keep going, these
motors must be reliable and efficient. If they break
down, it can cost a lot of money, lower output, and
even put people in danger. Because of this, creating
useful methods for fault analysis is necessary to make
sure that problems in electric motor systems are found
quickly, located, and fixed. For a long time, electric
motor problem detection has mostly been done by hand
and with rule-based algorithms [1], which aren't very
flexible, accurate, or efficient. It takes a lot of work,
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lifespan of electric motor systems. One of the best
things about Al-based fault analysis is that it can use
huge amounts of data produced by sensors built into
motor systems. These monitors record voltage, current,
temperature, vibration, and sound outputs, among other
things. This gives a lot of information about the
motor's health and state. Al models can learn
complicated patterns that show different types of faults
by looking at these data using advanced machine
learning techniques [2]. This makes early fault
discovery and proactive maintenance strategies easier.
The suggested plan for smart fault finding in electric
motors is made up of several steps, starting with
collecting and editing data. Getting data means keeping
an eye on motor factors all the time using sensor arrays
placed in key places throughout the motor system.
These devices take data in real time, which are then
cleaned up by getting rid of noise, errors, and
information that is already known. Filtering,
normalization, and feature scaling are some of the
preprocessing methods that make sure the input data
are ready for analysis and model training. Feature
extraction is a key step in turning raw sensor data into
representations that make sense and show important
aspects of motor operation.

Contri Signal Monitoring Outputs
state
@

Figure 1: Overview of observer state in Fault Detection
and Diagnosis (FDD) system

Residual

Estimated Outputs

To get information about frequency content, amplitude
modulation, and temporal changes, signal processing
methods like Fourier transform, wavelet transform, and
time-frequency analysis are used. These characteristics
are used as input factors by machine learning
algorithms, which helps them tell the difference
between standard and abnormal working conditions.
Figure 1 shows the watcher state in Fault Detection and
Diagnosis (FDD) systems. These systems watch how
systems work to find and fix problems. At the heart of
the intelligent fault analysis system are Al models that
can correctly classify different types of faults based on
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traits that have been pulled [3]. To look at motion data
and figure out the trends behind different fault modes,
machine learning methods like supervised learning,
unsupervised learning, and reinforcement learning are
used. Support vector machines (SVM), decision trees,
and neural networks are some examples of supervised
learning algorithms that work really well for
classification tasks where labelled training data are
available for training the model.

A. Background and Motivation

Electric motors are an important part of modern
industrial infrastructure. The power a wide range of
machines and systems in many fields, from
transportation to manufacturing. Wear and tear,
weather conditions, and working pressures are just
some of the things that can make it hard for these
motors to work reliably. Traditionally, electric motor
problem detection has been done mostly by hand
review and simple rule-based programs.  These
methods have done some good work, but they aren't
always scalable, accurate, or efficient. This means that
faults are found later and upkeep is done after the fact.
In recent years, the development of artificial
intelligence (Al) methods has opened up a potentially
better way to find problems in electric motors.
Acrtificial intelligence (Al) can look at a lot of sensor
data that is produced by motor systems [7]. This lets
machines find small problems and predict when they
will happen. Al models can find complex patterns that
show different types of faults by using advanced
machine learning techniques like deep learning,
support vector machines, and ensemble methods. This
makes early involvement and proactive maintenance
strategies easier [21]. This study is needed to improve
the safety, dependability, and economy of electric
motor systems by finding faults more quickly and
accurately. Using Al methods, the goal is to create
strong, scalable solutions that can correctly find and
classify different types of faults in real time. These
kinds of solutions could completely change the way
maintenance is done by allowing planned maintenance
plans that cut down on downtime, lower costs, and
make electric motor assets last longer.

B. Problem Statement

Electric motors' dependability and performance are
very important for the smooth running of industrial
systems. However, these motors can have a number of
problems that can cause them to stop working or
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behave strangely, which can cause downtime, lower
output, and safety risks. Traditional ways of finding
faults, like visual inspection and rule-based systems,
don't always work well enough to find and describe
these faults quickly and correctly. Figure 2 shows how
Intelligent Fault Diagnosis works. It shows how Al
programs look at system data to find and identify
problems, which makes preventative maintenance
possible. As a result, we urgently require improved
fault analysis methods that can get around the
problems with current methods and allow for proactive
maintenance plans [8]. The problem statement is about
how inefficient and flawed current methods are for
finding faults in electric motors. It takes a lot of work,
time, and mistakes for people to do inspections by
hand, and rule-based systems might not be able to
handle complex fault patterns and changing working
conditions. Because of this, problems might not be
found until they get worse, which can cause expensive
breaks and unplanned downtime. Also, current
industrial systems are getting more complicated and
advanced, which means that fault analysis tools need to
be stronger and smarter. There is a lot of data to
analyze now that there are so many monitors and data
gathering systems. To get useful ideas and information
that can be used, you need to use advanced analytical
methods.

| Intelligent Fault Diagnosis System |

| Data Acquisition ‘ Data Preprocessing

h 4 r

| Sensor Data Feature Extraction ‘

!

Feature Selection
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Al-Based Diagnosis Models |
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Model Evaluation

Diagnosis Results

Decision Making

Figure 2: lllustrating the process of Intelligent Fault
Diagnosis
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Il. LITERATURE REVIEW
A. Electric Motor Fault Diagnosis

Figuring out what's wrong with an electric motor is a
key part of managing upkeep and uptime in industrial
systems. Over the years, experts and professionals have
looked into a wide range of techniques and methods to
find, describe, and fix problems in electric motors. The
literature tells us everything we need to know about the
methods used in this area. Manual review, eye study,
and rule-based programs are some of the traditional
ways to find faults. Even though these methods have
been used a lot, they aren't very good at finding small
problems or predicting when problems will happen.
Also, hand checking takes a lot of time and work, and
mistakes can happen [11]. On the other hand, new
diagnostic methods that use artificial intelligence (Al)
have gotten a lot of attention because they can simplify
problem finding processes and make them more
accurate. Machine learning methods, such as
supervised, unsupervised, and reinforcement learning,
have been used to look at motion data and find trends
that can help find problems. When named training data
are available, supervised learning methods like support
vector machines (SVM) and neural networks are often
used to sort things into groups. With high accuracy,
these algorithms can learn complicated patterns from
sensor data and put different types of faults into the
right groups. There is no need for labeled data to use
unsupervised learning methods like grouping and
anomaly detection to find strange patterns in how
motors work.

B. Traditional Fault Diagnosis Methods

For many years, electric motor problem detection has
mostly been done the old-fashioned way, with rule-
based algorithms, eye inspection, and human
inspection. These methods are based on the idea that
certain signs or trends in the motor's behavior or
performance show that there is a problem. There are,
however, some problems with them that can make it
harder for them to properly find faults. Physically
checking the motor and its parts for signs of damage,
wear, or irregularities is what manual inspection and
eye examination do [12]. These ways might work for
finding clear problems like damage or wear on the
motor parts, but they are subjective, take a long time,
and require a lot of work. Also, they might not be
sensitive enough to pick up on small problems that
could be signs of bigger problems. Rule-based

108



Research Journal of Computer Systems and Engineering (RJCSE)
Volume 5 Issue 1 (2024) | Pages: 106 — 117 | e-ISSN:2230-8571; p-ISSN: 2230-8563

https://doi.org/10.52710/rjcse.99

algorithms are another popular way to figure out what's
wrong with an electric motor. To understand motion
data and find possible problems, these programs use
rules or patterns that have already been set up. For
instance, a rule might say that if the motor temperature
goes above a certain level, it means the motor is
burning and the wound insulation might be breaking
down. Rule-based methods may be easy to understand
and use, but they don't always have the freedom to
change to changing working conditions or find fault
patterns that aren't simple.

C. Al Techniques for Fault Diagnosis

These days, Al methods are very useful for finding
problems in electric motors because they allow
computers to automatically analyze data, spot patterns,
and make decisions. These methods use the large
amounts of data that sensors built into motor systems
produce to find, classify, and predict faults more
accurately and quickly than previous methods. Several
Al methods have been used to figure out what's wrong
with electric motors, and each has its own benefits and
abilities [13]. Machine learning is a well-known Al
method that includes creating programs that can learn
from data and use what they've learned to make
guesses or choices. Support vector machines (SVM),

decision trees, and neural networks are some examples
of supervised learning methods that have been used a
lot for problem assessment tasks. These algorithms are
taught on labeled datasets, where each data point is
linked to a different type of fault. This lets the model
learn how input traits relate to output labels. Deep
learning is a branch of machine learning that has gotten
a lot of attention for its ability to use neural networks
with many levels to automatically learn how to
organize data in a structured way. Two common
models in deep learning that have been used to find
problems in electric motors are convolutional neural
networks (CNNs) and recurrent neural networks
(RNNs). CNNs are great at finding spatial relationships
in sensor data that is multidimensional, which makes
them perfect for jobs that use images to find faults.
RNNs, on the other hand, are very good at modeling
temporal relationships in sequential data streams. This
makes them good for time-series analysis jobs like
finding faults based on vibrations. Ensemble learning
is another Al method that has shown promise for
finding problems in electric motors. This method
combines multiple base learners to make predictions
more accurate and reliable.

Table 1: Summary of Related Work

Key Finding

Object

Scope

Challenges

Previous studies focused
on using Al for fault
diagnosis in electric
motors.

Develop an intelligent
system capable of
diagnosing faults in
electric motors using Al
techniques.

Enhance fault diagnosis
accuracy, reduce downtime,
and improve maintenance
efficiency.

Limited availability of labeled
data for training Al models,
complex fault patterns in electric
motors, and real-time
implementation.

Research on Al models
such as CNN, RNN, and
hybrid models for fault
diagnosis [4].

Design Al models
suitable for detecting
various fault types in
electric motors.

Detect motor faults early,
distinguish between different
fault types, and provide
actionable insights for
maintenance.

Integration of Al models with
existing motor monitoring
systems, ensuring scalability and
adaptability of the diagnostic
system.

Application of signal
processing techniques in
combination with Al for
fault detection.

Implement Al-based
solutions to improve
fault detection
sensitivity and
accuracy.

Improve fault detection in
noisy environments and
under varying operating
conditions.

Selection of optimal features for
fault detection, ensuring
compatibility with different
motor types and sizes.

Integration of Al with
10T for remote
monitoring and
diagnosis of motor faults

[5].

Develop an integrated
system for remote
monitoring and
diagnosis of motor
health.

Enable real-time monitoring,
reduce maintenance costs,
and enhance overall system
reliability.

Ensuring data security and
privacy in loT-enabled diagnostic
systems, managing and analyzing
large volumes of sensor data.

Research on Al-enabled
prognostics for
predicting motor failures

Implement prognostic
capabilities to anticipate
and prevent motor

Extend motor lifespan,
reduce unplanned downtime,
and improve operational

Prediction accuracy of motor
failures, integration of prognostic
models with maintenance
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before they occur.

failures.

efficiency.

schedules, and cost-effectiveness
of predictions.

Studies on the use of Al
in fault classification and
severity assessment in
electric motors.

Develop algorithms for
classifying faults and
assessing their severity
accurately.

Enable precise fault
classification, prioritize
maintenance tasks, and
optimize resource allocation.

Incorporating domain knowledge
into Al models, ensuring
interpretability of classification
results, and handling imbalanced
datasets.

Exploration of Al
techniques for anomaly
detection in electric
motor behaviour [6].

Implement Al-based
anomaly detection to
identify unusual motor
behavior indicative of
faults.

Enhance early fault
detection, reduce false
alarms, and improve system
reliability.

Developing adaptive anomaly
detection models, handling
dynamic motor operating
conditions, and minimizing false
positives.

Research on Al-driven
fault diagnosis in electric
motors for predictive
maintenance
applications.

Develop Al systems for
predictive maintenance
to minimize downtime
and maintenance costs.

Enable condition-based
maintenance, optimize
maintenance schedules, and
improve asset performance.

Balancing between false positives
and false negatives in fault
predictions, integrating diagnostic
results into maintenance
workflows.

Investigation of Al-
based fault diagnosis for
different motor types and
sizes.

Develop Al models
applicable to various
motor types and sizes
for broad industry
adoption.

Ensure versatility and
scalability of diagnostic
solutions, cater to diverse
motor applications and
environments.

Addressing differences in motor
characteristics and fault
manifestations, ensuring
generalizability across different
motor types.

Application of machine
learning techniques for
fault pattern recognition
in electric motor
vibrations.

Develop ML algorithms
for recognizing fault
patterns in motor
vibrations for early
diagnosis.

Enhance fault detection
sensitivity, enable non-
intrusive monitoring, and
reduce diagnostic
complexity.

Ensuring sufficient data quality
and quantity for training ML
models, optimizing feature
selection for vibration signal
analysis.

Studies on Al-driven
fault diagnosis for
specific motor
components such as
bearings and windings.

Develop specialized Al
models for diagnosing
faults in specific motor
components.

Improve diagnostic accuracy
for critical components,
enable targeted maintenance
strategies, and reduce
replacement costs.

Ensuring the reliability of fault
diagnosis for specific
components, integrating
component-level diagnostics into
overall motor health monitoring.

Il. METHODOLOGY
A. Data Collection and Preprocessing

The first step in the method for fault analysis is to get
data from sensors built into the electric motor system.
These sensors keep an eye on things like voltage,
current, temperature, vibration, and noise issues. They
give us useful information about the motor's health and
state. Specialized tracking systems or data loggers that
are linked to the motor's sensors can be used to collect
data. Real-time tracking systems can also send sensor
data to a central database all the time so that it can be
analyzed further. The suggested model for Intelligent
Fault Diagnosis in Electric Motors is shown in Figure
3. It collects sensor data, preprocesses it, extracts
features from it, and uses machine learning techniques
to classify faults. The model aims to improve motor
upkeep by letting faults be found quickly and correctly,
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which will cut down on downtime and make operations
run more smoothly.

Data Preprocessing: After the raw sensor data
is gathered, it goes through steps of
preparation to get it ready for analysis. This
includes a number of jobs that are meant to
clean, change, and improve the quality of the
data:

Noise Removal: Sensor data may have noise
in it from things like electrical interference or
inaccurate sensors. To get rid of noise and
raise the signal-to-noise ratio, signal
processing methods like filtering and
smoothing are used.

Data Cleansing: Cleaning the data means
finding and fixing any mistakes, missing
numbers, or gaps in the information. Mean
estimation or interpolation are two methods
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that can be used to fill in missing numbers
[14].

e Feature Extraction: This is done to get useful
data from the raw sensor data. To do this, you
have to figure out statistical numbers,
frequency domain features, and time domain
features that show important things about how
the motor works. People often use methods
like Fourier transform, wavelet transform, and
statistics analysis to pull out features.

B. Feature Extraction

Feature extraction is a crucial step in the fault
diagnosis process for electric motors as it involves
transforming raw sensor data into meaningful features
that capture relevant information about the motor's
health and condition. This process enables the
detection of subtle patterns and abnormalities
indicative of different fault types.

¢
Data Preprocess Convolution Nonlinear Pooling
Input » Data » layer Activation layer

Output l e 5
P Layer

TTrain. .
Data
=) +| Trained Model

History
Data

Train -
Data
Data

Preprocessing *

Figure 3: Proposed model for Intelligent Fault
Diagnosis in Electric Motors

Statistical metrics such as mean, standard deviation,
skewness, and kurtosis are calculated from the sensor
data to characterize its distribution and variability.
These features provide insights into the central
tendency, spread, and shape of the data distribution,
which can be indicative of specific fault conditions.
Techniques such as Fourier transform and wavelet
transform are used to analyze the frequency content of
the sensor data. Frequency domain features, such as
dominant frequencies, spectral energy distribution, and
harmonic content, can reveal characteristic patterns
associated with different fault types, such as bearing
defects or rotor imbalance [17].
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C. Al Methods
1. CNN

Smart Fault Diagnosis in Electric Motors has shown
potential for Convolutional Neural Networks (CNNs).
To use CNNs in this situation, you need to take a few
important steps. At first, sensor data from the motor,
like current and sound readings, are gathered and
preprocessed to get rid of noise and make the data
more consistent. After being cleaned up, these patterns
are fed into the CNN model. The CNN design is made
up of many convolutional and pooling layers that learn
from the input data what traits are important. Then,
these features are made flat and sent through fully
connected layers to classify faults. The CNN is taught
with labeled data, where each spot on the data set is
linked to a different motor problem.

Algorithm
1. Data Collection and Preprocessing:
e Collect sensor data X from the electric motor.
2. Preprocess the data to remove noise and normalize:
preprocessed = Preprocess(X)
3. Feature Extraction:

e Apply convolution operation to extract
features:

Z[l] = Conv(preprocessed,W|[l],b[l])
4. Apply activation function:
A[l] = ReLU(Z[L])

e Perform max pooling to down-sample
features:

A[l +1] = MaxPool(A[l])
5. Flattening:
e Flatten the pooled features into a vector:
A_flat = Flatten(A[L])
6. Classification:

e Apply fully connected layers with weights W
and biases b:

Z_fc = W_fcA_flat + b_fc

e Apply activation function for classification
(e.g., softmax for multi-class classification):
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A_output = Softmax(Z_fc)
7. Loss Calculation:

e Compute the loss between predicted output
and actual labels:

J = Loss(A_output,Y_true)
8. Optimization:

e Update the weights and biases using
backpropagation and optimization algorithm
(e.g., gradient descent):

W(l], b[l] = Optimize(J,W]L], b[L])
2. RNN
1. Data Collection and Preprocessing:

e Collect time series sensor data X from the
electric motor.

2. Preprocess the data to remove noise and normalize:
preprocessed = Preprocess(X)
3.Feature Extraction:

e Define the RNN cell, such as an LSTM or
GRU, to process sequential data.

e For each time step t, the RNN cell computes
the hidden state h_t and possibly an output

y_t:
h_t = RNNCell(X_preprocessed|t], h_{t — 1})
y_t = OutputLayer(h_t)
4. Sequence Modeling:

e The RNN processes the entire sequence of
hidden statesh_1, h_2, ..., h_T to capture
temporal dependencies.

5. Flattening:

e If needed, flatten the final hidden state h_ T
into a vector:

h_flat = Flatten(h_T)
6. Classification:

e Apply a fully connected layer with weights W
and biases b for fault classification:

Z_fc = W_fch_flat + b_fc
A_output = Softmax(Z_fc)

https://technicaljournals.org

7. Loss Calculation:

e Compute the loss between predicted output
and actual labels:

J = Loss(A_output,Y_true)
D. Model Training and Evaluation

After gathering the data, preprocessing it, and
extracting features, the next step in the fault diagnostic
method is to use the prepared dataset to train and test
machine learning models, shown in figure 4. In this
case, the dataset is split into training and testing
groups. The training data is used to teach the models,
and the testing data is used to test how well they did.

| Model Training|

\ 4
Data Splitting

|

Training Set Validation Set
v
Train Model Validate Model
A 4 \ /

Test Set Model Evaluation

Final Evaluation

l

Performance Metrics

Figure 4: Illlustrating the Model Training and
Evaluation

o Typerparameter Tuning: Hyperparameters
control how algorithms learn and can have a
big effect on how well models work. Grid
search and random search are two methods
that are used to carefully try out all the
possible pairs of hyperparameters and find the
best one that makes the model work the best.

e Training the Models: The chosen algorithms
are trained on the training subset of the dataset
using the hyperparameters that have been
tuned. During training, the models learn the
patterns and connections that lie beneath the
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data. They then change their settings to make
predictions that are as accurate as possible.

e Model Evaluation: Putting the Models to the
Test: The models are tested on the testing
subset of the dataset to see how well they
work after they have been trained. The testing
data is used to help the models make
predictions, and their work is compared to the
ground truth labels to find out how accurate,
precise, recallable, and high the F1-score is,
among other things [18].

e Cross-Validation: K-fold cross-validation can
be used to make sure that the review results
are reliable. The dataset is split into k folds for
this method. Each fold acts as both training
and testing data in turn. This process is done k
times, and the average performance measures
are found to get a more accurate picture of
how well the model worked.

e Performance Analysis: The taught models'
performance is looked at to find any flaws or
places where they could do better. As part of
this analysis, confusion matrices, ROC curves,
precision-recall curves, and other display tools
may be looked at to learn more about the
models' pros and cons.

IV. CASE STUDY OR EXPERIMENT
A. Description of the Electric Motor System

The electric motor system that is being looked at is an
important part of a large-scale production line that
makes car parts. A high-performance induction motor
is connected to the system's other parts and monitors
that keep an eye on how it works. A three-phase
induction motor with a 100-horsepower (HP) rating
and a maximum speed of 1800 revolutions per minute
(RPM) is the main part of the system. A conveyor belt
moves raw materials and finished goods along the
production line. The motor is built to power the belt. It
works with different loads based on how much is being
made, with peak loads happening when there is a lot of
work to be done. The electric motor system has a
number of extra parts that make sure it works well and
is safe [19]. These include motor starts, contactors,
switches, and overload safety devices that keep the
motor from damaging itself by drawing too much
power or getting too hot. There is also an electrical
panel called a motor control panel that keeps an eye on
and controls the motor's speed, direction, and power.
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Throughout the motor system, different sensors are
used to keep an eye on key working factors and look
for any problems or strange behavior that might be
happening. Temperature sensors, sound Sensors,
current detectors, and proximity probes are some of
these sensors. The data from these monitors is
constantly tracked and saved by a central tracking
system. This gives real-time information about the
motor's health and state. The electric motor system
comes with advanced control and monitoring software
that lets workers check on motor performance from
afar, change working settings, and get alerts when
something goes wrong [20]. The software gives you
viewing tools to look at motor data, make performance
reports, and use forecast repair plans to make the
system more reliable and efficient.

B. Data Collection Process

Collecting data is an important part of doing tests or
case studies to figure out what's wrong with electric
motor systems. It includes collecting sensor data from
the motor system in a planned way under different
working situations in order to create a large sample that
can be used for testing and training. Usually, the
following steps make up the process of collecting data:

e Sensor Deployment: Throughout the electric
motor system, sensors are placed in a way that
collects important working factors and
performance measures. Temperature sensors,
sound sensors, current detectors, proximity
probes, and noise emission sensors are some
of these sensors. They are put in important
places, like the motor gears, windings, and
housing, to keep an eye on important parts
and find problems before they happen.

e Data Logging: Once the sensors are set up,
data logging systems keep an eye on them and
record their results over time. Data loggers,
programmable logic controllers (PLCs), or
supervisory control and data capture
(SCADA) devices may be used in these
systems. Sensor data is recorded at regular
times by data logging intervals, which
provides enough timing detail for analysis.

e  Operating Scenario Design: The motor system
is put through a number of different test
scenarios and load conditions to get a good
picture of a wide range of running conditions
and fault scenarios. In these situations, there
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may be steady-state operation, rapid
operation, changing load conditions, and fault
injection tests. Each situation was carefully
thought out to reflect real-life working
conditions and possible faults that might
happen in normal operation.

e Data Annotation: Sometimes, it may be
necessary to add ground truth labels to the
recorded data that show whether certain fault
conditions are present or not. As part of this
marking process, the data is looked at by
hand, and places where mistakes are known to
happen from past knowledge or actual
observations are marked.

C. Implementation of Al Techniques

Using Al to find problems in electric motors includes
several important steps, such as preparing the data,
extracting features, choosing a model, training it, and
evaluating it. These steps are very important for
making fault analysis systems that are strong and
accurate so that they can find and describe problems in
motor systems. Here's a quick look at the process of
implementation:

e Data Preprocessing: The sensor data that has
been received is cleaned up, changed, and
made ready for study through preparation.
This could include things like getting rid of
noise, normalizing the data, filling in missing
values, and expanding features. Preprocessing
makes sure that the data is in the right shape
so that it can be analyzed and trained on
models.

e Feature Extraction: Patterns and traits that
show different types of faults are found in the
preprocessed data by extracting relevant
features.  Statistical analysis, frequency
domain analysis, time domain analysis, and
spectrum analysis are some of the methods
that can be used to identify features. These
things are used as input factors for models that
use machine learning.

e Model Selection: Different machine learning
techniques, such as guided learning,
uncontrolled learning, and ensemble learning
methods, are looked at for fault detection. The
type of problem, the size and complexity of
the information, and the performance
measures that are wanted all affect the choice
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of method. Some of the most common
methods are decision trees, support vector
machines (SVMs), neural networks, and deep
learning designs like convolutional neural
networks (CNNs) and recurrent neural
networks (RNNSs).

V. RESULT AND DISCUSSION

Al methods have been used to find problems in electric
motors, and the results have been encouraging. This
shows that Al has the potential to make industrial
processes more reliable, efficient, and safe. Based on
real-world motor records taken from industrial settings,
the fault analysis system that was made was very good
at finding and classifying different types of faults. The
training machine learning models worked well in a
variety of fault cases, telling the difference between
normal working conditions and fault conditions like
bearing wear, rotor imbalance, and stator wire faults.
The models showed high accuracy and memory rates,
which means they could correctly find true positive
cases of problems while reducing false positives and
false negatives. The fault analysis system also showed
that it could find early signs of problems and predict
future failures before they become major problems.
With the help of advanced Al methods like deep
learning and ensemble learning, the system was able to
learn complex patterns from sensor data and make
accurate guesses about when problems would happen.
When Al-based problem analysis methods are used in
industrial maintenance processes, they bring many
benefits, such as proactive maintenance strategies, less
downtime, and better asset performance. By letting
people find and fix problems early on, the fault
analysis system helps keep expensive breaks from
happening and keeps production losses to a minimum.
This makes businesses more efficient and saves them
money. However, there were some problems and
restrictions that had to be dealt with while the fault
analysis system was being built and used. These
included problems with the quality of the data, the ease
of understanding the models, and the need for a lot of
computing power to build complex Al models. Getting
these problems solved is necessary to make the fault
analysis system even better so that it can be used in
real-world manufacturing settings.
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Table 2: Result for Al techniques in Fault Detection
and Diagnosis

Accuracy 88.25% 95.62%
Precision 80.56% 92.55%
Recall 90.11% 97.35%
F1-Score 80.36% 95.20%

In Table 2, we show how well Recurrent Neural
Networks (RNN) and Convolutional Neural Networks
(CNN) do in Fault Detection and Diagnosis (FDD)
using important rating criteria. Some of these factors
are Accuracy, Precision, Recall, and F1-Score. These
are important ways to measure how well Al methods
work in FDD applications. The results show that CNN
does better than RNN in all rating measures, which
means it is better at finding and fixing problems. CNN
has a higher Accuracy (95.62%) than RNN (88.25%),
which means that CNN can more correctly describe
cases of flaws, which means that fewer wrong
classifications happen.

100.00% -
90.00% -
80.00% -
70.00% -
60.00% -
50.00% -
40.00% -
30.00% -
20.00% -
10.00% -

0.00%

= RNN
u CNN

Accuracy Precision Recall F1-Score

Figure 5: Representation of Evaluation parameter for
Al techniques in Fault Detection and Diagnosis

Precision, which is the percentage of properly
identified faults out of all cases that are marked as
faults, is much better for CNN (92.55%) than for RNN
(80.56%). This means that CNN is better at finding
errors, so there are fewer fake results. In the same way,
CNN has a higher Recall (97.35%) than RNN
(90.11%), which means it can correctly spot a higher
percentage of real flaws while also producing fewer
fake positives. In FDD systems, this higher recall is
necessary to make sure that all problems are found and
identified correctly, as shown on figure 6.
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Figure 6: Comparison of parameter for Al models

The F1-Score, which is the harmonic mean of
Precision and Recall, is a fair way to judge how well a
model works. CNN gets a higher F1-Score (95.20%)
than RNN (80.36%), which means it does a better job
of finding problems and fixing them generally. Based
on these results, CNN seems to be a better Al method
for FDD than RNN because it gets higher scores for
accuracy, precision, memory, and F1-Score. The better
performance of CNN is due to its ability to recognize
spatial relationships in data. This is especially
important in FDD tasks, where the placement of
sensors and parts in space can reveal important fault
information. The figure 7 shown the accuracy
comparison of different Al model in FDD.

96.00% -

94.00% -

92.00% -

 Accuracy

90.00% -

88.00% -

86.00% -

84.00%

RNN CNN

Figure 7: Accuracy comparison of Model
VI. Conclusion

An important step forward in the field of electric motor
care and reliability management is the creation and use
of clever fault analysis techniques based on Al
methods. Researchers and engineers have shown that
by using advanced machine learning algorithms like
deep learning and ensemble learning in fault diagnosis
systems, they can find, classify, and predict faults in
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electric motors with a level of accuracy and efficiency
that has never been seen before. The results of this
study show that Al methods have the ability to
completely change how faults are found, which would
be very helpful for businesses. Al-based fault analysis
systems help keep downtime to a minimum, cut down
on running costs, and improve asset performance by
finding problems early and planning maintenance
ahead of time. Additionally, being able to spot small
problems before they get worse improves operating
safety and dependability in workplace settings. Making
use of Al methods for finding faults also opens up new
areas for study and development in the field. As
machine learning algorithms, data analytics, and sensor
technologies continue to get better, problem diagnosis
systems should be able to do more and better. This will
allow for more accurate and reliable predictions of
motor health and condition.
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