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ABSTRACT

Induction machines are extensively utilized in various industries due to their cost effec-
tiveness, robustness, and high efficiency. However, as with all electrical machines, they
are prone to degradation over time, necessitating expensive repairs and maintenance. De-
tecting faults early is critical to minimizing unplanned downtime and reducing operational
costs. One significant fault that can significantly impact the performance of induction ma-

chines is broken rotor bars.

Broken rotor bars can lead to various undesirable effects, including increased vibration,
reduced efficiency, and potential catastrophic failure if left undetected. Motor current
signature analysis (MCSA) is a widely adopted technique for monitoring the condition of
induction machines during normal operation. By analyzing the frequency spectrum of the
stator current, MCSA provides valuable insights into the health of the machine and can

detect anomalies indicative of broken rotor bars.

This study specifically focuses on analyzing the stator current signals of a squirrel cage
induction machine to detect and diagnose broken rotor bar faults under different load con-
ditions. The research employs a multi-layer perceptron (MLP) model, a type of artificial
neural network known for its ability to learn complex patterns, to study the impact of

varying operational loads on fault detection accuracy.

To conduct the study, a dataset is divided into two parts: 75% for training the MLP models
and 25% for testing and validation purposes. The performance of the MLP models is
evaluated using a confusion matrix, which provides metrics such as accuracy, precision,
recall, and F1-score across different load levels. These metrics offer a comprehensive
assessment of the model’s effectiveness in detecting broken rotor bar faults under realistic

operating conditions.

By integrating MCSA with advanced machine learning techniques like MLPs, this re-
search aims to enhance the reliability and efficiency of condition monitoring systems for
induction machines. The findings contribute to the development of predictive maintenance
strategies that can preemptively address faults like broken rotor bars, thereby optimizing

machine uptime and minimizing maintenance costs.

Keywords: Induction Motor, Condition Monitoring, Fourier Transform, Broken Rotor

Bars
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CHAPTER ONE: INTRODUCTION

1.1 Background

An electric machine is a versatile electromechanical device capable of functioning as both
a generator and a motor. When operated as a motor, it converts electrical energy into me-
chanical energy, playing a pivotal role in consuming more than 60% of the total global
electrical power produced[1]. Electric motors are indispensable across industries, power-
ing everything from industrial machinery and transportation systems to household appli-
ances and automation equipment. Conversely, when serving as a generator, the electric
machine transforms mechanical energy into electrical energy. This function is critical in
generating the vast majority of the global electrical energy consumed across residential,
commercial, and industrial sectors. Generators are essential for producing electricity in
power plants, renewable energy installations, backup power systems, and various other

applications where reliable electrical supply is must.

In the present world, electrical machines are extensively employed in diverse applications
such as power generation, manufacturing industries, electric vehicles, and household ap-
pliances. These machines vary significantly in size, from small units of a few kilowatts
for household use to large-scale units exceeding hundreds of megawatts for electricity
generation. Whether operating independently or as integral components within complex
systems, these machines must function seamlessly to ensure optimal performance. Hence,
there is a critical need for these machines to operate reliably and consistently in order to

fulfill their intended roles effectively.

There are various faults that could compromise the operation of the electrical machines.
Many of these problems begin as slight deviations from normal operating conditions, and
if not addressed promptly in their early stages, could lead to severe and potentially catas-
trophic failures.[2]. The continuous assessment of the operating conditions of the elec-
trical machine and the plant for the early detection of faults and the targeted planning of
the maintenance to avoid catastrophic failures is the condition monitoring. The advance
warning of the faults allows us to schedule the maintenance in the most convenient manner.
This helps to reduce the mean down time and increases the mean time between failures to

ensure the high availability of the machines.

Condition monitoring involves continuously evaluating how well the machines and their

individual components are performing. By collecting and analyzing real-time data on



their performance, any potential problems can be detected early on, allowing for proac-
tive solutions before malfunctions occur. This approach is beneficial as it enables planning
for downtime, preparing necessary replacement parts, and scheduling maintenance in ad-
vance. To implement condition monitoring, it’s crucial to identify key data points that
indicate the health of the machines. Once identified, this data can be transmitted and pro-
cessed using various technologies like wired, wireless, cellular connections, or indirect
methods. This process helps in recording, storing, analyzing the data, and taking preven-

tive actions as needed.

In simpler systems where failures have minimal impact, reactive maintenance is sufficient,
characterized by using machinery to its limits and repairing only after failures occur. Con-
versely, complex systems with extensive machinery or high-risk consequences necessitate
proactive maintenance. This approach involves regular inspections and preventive mea-
sures to detect and address potential issues before they lead to failures. One of the big
challenges in this approach is to determine when to do maintenance. By scheduling main-
tenance early, the useful machine life is being wasted. By predicting when the machine
failure will occur, the schedule maintenance could be scheduled before the failure. Condi-
tion monitoring helps to continuously monitor the electric machine to predict failure and

schedule the maintenance as required.

There are multiple methods available to identify faults in electrical machines, including
Motor current signature analysis, Park vectors, monitoring Stator voltages, Temperature
monitoring, vibration analysis, and Harmonic analysis of motor torque and speed. These
techniques can be categorized into two types: invasive, requires direct access to the inter-
nal components of a system or equipment, and non-invasive, monitoring and assessment
of equipment without disrupting operations or physically altering the system. Motor cur-
rent signature analysis, for instance, falls under the non-invasive category of condition
monitoring techniques. It utilizes the input current of an induction machine to detect and

diagnose abnormalities and faults related to the machine’s operation.

1.2 Problem Statement

Electric machines are being used as the heart of many processes. But, no matter how robust
a machine is, it is prone to failure at some point of its lifetime leading to costly repairs and
maintenance. Although deterioration is inevitable, early detection of anomalies and faults
will help to reduce costs due to unplanned failures and unnecessary maintenance. Similar

equipment may fail sooner than the other due to differences in their loading conditions.



This research aims to use condition monitoring techniques to detect the broken rotor bar
faults in squirrel cage induction machine before it escalate to catastrophic failure. Also,
the dissertation aims to analyze the the effects of different loading conditions on condition

monitoring of the induction machine.

1.3 Objectives

The main objective of this research work is to study the effects of the different loading
conditions on the condition monitoring of an electrical machine. To achieve the main
objective a condition monitoring algorithm is to be developed to detect a fault in its early

stages before they lead to a catastrophic failure.

For this research work, squirrel cage induction machines with various degrees of broken
rotor bars faults are being considered. The machine is also subjected to various loading

conditions.

1.4 Scope

* Develop the frequency spectrum of input current signal for various motor states and

loading condition.
+ Extract the side band frequencies and their magnitude.

* Develop a machine learning model which can differentiate between various machine

states.

* Evaluate the performance of the model at various loading condition.

1.5 Limitation

* Only the squirrel cage induction motor with zero to three consecutive broken rotor

bar fault is analyzed.

* The developed algorithm is unable to differentiate between machine states at no

load condition.

* Further validation is required for real world industrial use.



1.6 Thesis Organization

The dissertation is organized into five chapters. This section enlists a brief outline of each

chapter and its contents.

» This chapter gives brief introduction of the dissertation. The problem statement is

described and followed by the objectives of the thesis.

» Chapter 2 explores the necessary literature review done for this dissertation in-
cluding the fundamentals of induction machine, condition monitoring, and machine
learning theory. This chapter justifies the detection of broken bar faults in an induc-

tion machine by explaining the effects of the fault on the operation of the machine.

* Chapter 3 describes the research methodology of the dissertation including the ex-

perimental setup and workflow.

* Chapter 4 discusses the obtained results and performs the analysis of the trained

network on the test data set.
» Chapter 5 concludes the thesis work.

Finally, this thesis will end with a list of references and the relevant appendices.



CHAPTER TWO: LITERATURE REVIEW

This chapter explores the necessary literature review done for this dissertation. It cov-
ers the fundamentals of induction machine, its operation and faults, condition monitoring

techniques, and machine learning theory.

2.1 Induction Machine

The induction machine operates as both a generator and a motor, though its applications
vary significantly in each role. As a generator, it generally exhibits lower performance
compared to synchronous machines, primarily due to factors such as voltage regulation
and frequency control challenges. The three-phase induction machine is widely adopted
as a primary drive in various industrial and commercial applications. The popularity in-
duction machine as a motor stems from several key advantages. Firstly, induction motors
are renowned for their cost-effectiveness, a simple design that lacks brushes and com-
mutators, thereby reducing maintenance needs. This simplicity also contributes to their
robustness and reliability, making them suitable for continuous operation in harsh envi-
ronments. The most common type of induction machine is the squirrel cage machine and

consumes around 85% of power in industrial application[3].

2.1.1 Construction

The motor comprises two main components housed within a frame: the stator and the rotor.
The stator remains stationary and is typically made of laminated steel sheets. These sheets
are designed to reduce eddy current losses caused by the changing magnetic fields. Inside
the stator, there is a winding made up of three separate phases of electrical conductors.
When an alternating current passes through these windings, it creates a magnetic field that
rotates around the stator. The rotor is the rotating part of the motor. Rotors can be classified
as wound rotor or squirrel cage rotor. The squirrel cage rotor is the most widely used rotor
type. The core of the rotor is typically cylindrical and made of stacked laminated steel
sheets. These laminations are insulated from each other to reduce eddy current losses.
Embedded within the rotor core are conductive bars or “squirrel cage” conductors, often
made of aluminum or copper. These bars are typically placed in slots that are cut into the
rotor core, running parallel to the axis of the rotor. The exploded view of the squirrel cage

induction motor is shown in Figure 2.1[4]
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Figure 2.1: Squirrel Cage Induction Motor Exploded View[4]

2.1.2  Operation

The operation of the induction machine relies on electromagnetic induction. In an induc-
tion machine, the stator plays a crucial role. It contains a three-phase winding, which is
designed to receive a three-phase AC electrical supply. When this three-phase supply is
applied to the stator windings, it generates a rotating magnetic field within the machine’s
air gap. This rotating magnetic field has a constant amplitude and a constant speed of
rotation which is given by

120p

NS:Tv

where p is the number of poles and f is the supply frequency.

This rotating magnetic field induces an electromotive force in the rotor conductors as they
cut through the magnetic field. Since the rotor conductors are short-circuited, current
flows through them due to the induced emf. The interaction between this induced current
and the rotating magnetic field generates a magnetic force. According to the principles
of electromagnetism, this force acts perpendicularly to both the magnetic field and the
direction of current flow in the rotor conductors, resulting in the production of torque.
This torque causes the rotor to rotate, driving the mechanical load connected to the motor
shaft. Thus, the induction motor harnesses the interaction between magnetic fields and

induced currents to produce rotational motion and perform mechanical work efficiently.

2.1.3 Induction Machine Faults

Induction machines are susceptible to different types of faults during their operation,
which can be categorized into two main groups: electrical and mechanical faults. The

following Table 2.1 summarizes the induction machine faults.



Table 2.1: Induction Machine Fault Classification

Class Causes Example
Electrical | Overloading of the machine for ex- | Broken rotor bar, broken rotor end,
tended duration, poor ventilation, | inter or intra turn short circuit,
contamination, excessive vibration | phase to ground short circuit, un-
balanced voltage supply, open cir-
cuit faults
Mechanical | Manufacture imperfections, inap- | Bearing faults, uneven air-gap ec-
propriate settlement of lubrication, | centricity, shaft misalignment
improper bearing installation,

Many of'these faults typically begin as minor deviations from normal operating conditions.
If left untreated during the early stages, they have the potential to escalate into severe fail-
ures. The Table 2.2 shows major motor components along with their failure percentages

from various surveys.

Table 2.2: Major Motor Component Failure Percentage

Major Motor Failure Percentage
Components | IEEE — EC[5] | IEEE — 14S[6] | IEEE — 14S]7, 8]
Stator 36 16 26
Bearings 41 51 44
Rotor 9 9 8
Others 14 28 22

This dissertation focuses on broken rotor bar faults in a squirrel cage induction machine.
While these faults constitute approximately 10% of all failures, their severity can vary
significantly and potentially lead to complete motor failure[3]. Broken rotor bar faults

occurs when one or more rotor making up the cage breaks partially or completely.

2.1.4 Causes of Broken Rotor Bar Faults

Broken rotor bar faults occur when one or more of the bars that make up the rotor partially
or completely breaks. The failure is caused by the combination of one or more of the
following[9, 10].

* Overheating of the rotor cage:
This can occur from direct on-line starting or continuous overloading of the ma-
chine, stressing the motor’s components and potentially leading to damage or re-

duced lifespan.



* Mechanical stress:
This includes pulsating loads, unbalanced loads, bearing failures, excessive vibra-
tions, and voltage fluctuations, all of which can impact the mechanical integrity of
the motor and its associated components.

* Magnetic stress:
This refers to unbalanced electromagnetic forces within the motor, which can lead
to mechanical vibrations, noise, and potential damage if not properly monitored or

controlled..

* Contamination and corrosion:
Exposure to chemicals or moisture can lead to corrosion of motor parts, affecting

performance and potentially causing failures if not addressed.

* Manufacturing defects:
Issues originating from the manufacturing process, such as material flaws or assem-

bly errors, can impact motor reliability and longevity..

2.1.5 Effects of Broken Rotor Bar Faults

A broken rotor bar carries minimal or no current depending on the degree of the fault.
This causes rotor current to be unbalanced[11]. A motor can operate in this asymmetrical
condition but results in unbalanced air gap flux, increased losses, increased torque oscilla-
tions and decrease in average torque[12]. Due to increase in losses and decrease in average
torque, the motor slip increases at constant load as the severity of the fault increases. With
the increase in the severity of the fault, these effects become more pronounced. Adjacent
rotor bars experience higher currents because the broken bar cannot conduct its original
current flow. Figure 2.2[13] illustrates the current density distribution in a squirrel cage
induction motor under healthy and faulty conditions, highlighting increased current den-
sity near the broken bar as the fault worsens. This rise in current results in elevated rotor
temperatures and increased losses, as heat loss is proportional to the square of the current.
This increased temperature of the rotor bar causes the rotor to expand and thus increases
the tension in the bar. Higher temperatures, electrical stress, and mechanical stresses can
deform the rotor over time, increasing the likelihood of adjacent rotor bar failures and can

then escalate to other rotor bars.

In the motor with the high rotor speed, the broken rotor bar may experience sufficient
centrifugal forces and can bend toward the stator. This rotor bar may then come in contact

with the stator winding leading to the motor failure[14].
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Figure 2.2: The current density distribution of squirrel cage machine at healthy
and faulty condition[13]

2.2 Condition Monitoring

Assessing the condition of electrical machines through continuous monitoring involves
evaluating their operational status to detect faults early and schedule maintenance effec-
tively, with the intention of preventing catastrophic failures. The process involves regu-
lar evaluation of various parameters to determine whether the machine is operating in a
healthy state, experiencing faults, or showing signs of wear. This evaluation aids in es-
tablishing a maintenance schedule. The essential steps of condition monitoring include
data acquisition using sensors, preprocessing to eliminate unwanted noise and harmonics,
identification of condition indicators, and training models to differentiate between differ-
ent machine states. The selection of parameters to monitor depends on factors such as the
type of machine, operating conditions, specific requirements, and the adopted monitoring

technique

2.2.1 Need of Condition Monitoring

There are numerous faults that can threaten the operation of the machine. This faults
typically starts as minor deviation in the operation and if left untreated at early stages, can
escalate quickly. Condition monitoring plays a crucial role in early fault detection and

serves the following purposes[2].
* Preventing catastrophic failures and extensive damage of the machines.
 Preventing unscheduled shutdowns and outages.
* Optimizing machine performance.

* Reducing repair time and spare parts inventory.



» Extending the maintenance cycle.

2.2.2

Minimizing risks to life, the environment, and financial stability.

Condition Monitoring Techniques

Condition monitoring typically begins with basic inspections. Minor changes such as

unusual heat, abnormal pressure, unfamiliar sounds, excessive vibrations, or unusual odors

often indicate potential issues. However, condition monitoring techniques range from

simple visual inspections to advanced technologies. Here are some of the most commonly

employed condition monitoring techniques[15]:

(1)

(ii)

Temperature Condition Monitoring

Thermal overloading occurs when electrical machines operate at temperatures higher
than their designed limits for extended periods and is a frequent cause of failure in
electrical machines, leading to insulation deterioration, breakdown and can severely
affect the integrity of the mechanical components like bearings. Therefore, moni-
toring temperature conditions is crucial to ensure maintain safe operational temper-
ature limits. This involves studying of the heat and radiation pattern in machines
to detect the signs of potential failure or degradation. Such monitoring helps to
identify issues such as misalignment, inadequate lubrication, imbalances, wear, and

mechanical stress.

Chemical Condition Monitoring

Electrical machine uses complex organic materials to insulate the conductor from
each other and other parts of the machine. This helps to prevent electrical faults
and ensure safe operation. When exposed to high temperatures, electrical and me-
chanical stress, and moisture they undergo chemical degradation. This produces a
wide range of chemical by products in the gas, liquid, and solid states. The for-
mation of this by products can affect the performance and safety of the machines.
For example: lubrication oil are crucial for operation of mechanical components
as it helps to not only reduce the friction but also dissipate heat generated during
operation. Over time, lubrication oils undergo their own degradation process. They
can break down chemically due to exposure to heat and mechanical stress, leading
to the formation of degradation products. Additionally, lubrication oils can accu-
mulate particles from the wear and tear of bearings and seals they are designed to
lubricate and cool. These particles can further degrade the oil’s performance and

potentially impact the overall efficiency of the machine. To assess the condition

10



(iii)

(iv)

of an electrical machine, especially regarding the insulation materials and lubrica-
tion oils, chemical monitoring is crucial. Chemical monitoring involves detecting
and analyzing the degradation products of the organic materials. By monitoring
these chemical changes, allows for timely maintenance and replacement of insula-
tion materials and lubrication oils, thereby minimizing the risk of machine failures

and optimizing its performance and longevity.

Vibration Condition Monitoring

Vibration conditional monitoring is a widely utilized technique for diagnosing faults
in an electric machine. It involves the continuous or periodic measurement and
analysis of vibrations emitted by the machine. Vibration sensors, typically piezo-
electric accelerometers, are used to measure vibrations generated by rotating or re-
ciprocating machinery. Changes in vibration patterns, frequencies, or amplitudes
can indicate faults such as misalignment, imbalance, bearing wear, shaft cracks, or
gear tooth damage. Faults in electric machines can lead to increased mechanical
and electromagnetic forces that disturb the machine’s magnetic field or mechanical
balance. These disturbances manifest as distinct patterns of structural vibrations
observable on the machine’s frame. Dedicated vibration sensors are strategically
placed to monitor these vibrations, enabling early detection of faults and proactive

maintenance to prevent breakdowns.

Motor Current Signature Analysis

Motor Current Signature Analysis (MCSA) is a widely utilized technique for non-
intrusive condition monitoring of electrical machines. It involves the analysis of
the frequency spectrum of the current flowing into the motor during operation.
MCSA involves capturing and analyzing the current flowing through the motor’s
stator windings. This current contains valuable information about the motor’s health
and condition. The current signal is analyzed to identify its frequency components.
Normal operation produces a characteristic frequency spectrum. However, when
faults like broken rotor bars, air gap eccentricity, bearing issues, or faults in the
stator windings occur, they cause irregularities in the current signal. These faults
modulate the current signal, introducing additional frequencies known as side band
harmonics. By examining the frequency spectrum for these side band harmonics
and other deviations from the normal pattern, MCSA can detect the presence of
specific faults in the motor. Each type of fault produces a unique pattern of side
band harmonics, which can be correlated with known fault signatures to identify
the type and severity of the fault. MCSA is considered non-intrusive because it

does not require physical access to internal motor components. It simply monitors
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the electrical signals (current) entering the motor, which are easily accessible from
external monitoring points.

2.3 Detection of Broken Rotor Bar Faults

The stator input current contains the information about the machine health. The operation
of the induction machine with broken rotor bar induces the line currents at the frequencies
given by[12, 16]

forb = fs(1 £2s)

where,

fs is the fundamental component of the stator current
s is the motor slip

which are known as the side band components. An increment in the magnitude of theses
characteristics frequency in the stator current indicates a rotor bar fault. Therefore, the
study of these frequencies is a viable option to differentiate motor states. The side band
fs(1 — 2s) is termed as Left Side Band (LSB) and f5(1 + 2s) is termed as Right Side Band
(RSB). Figure 2.3 shows the measured sidebands from [17].
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Figure 2.3: Measured side bands from [17]
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2.4 Machine Learning

Machine Learning represents a subset of Artificial Intelligence focused on improving sys-
tem performance through data-driven learning, employing statistical methods and algo-
rithms akin to human learning processes. This iterative approach allows systems to itera-
tively enhance accuracy and functionality based on acquired experience and data inputs.
Machine Learning finds extensive application across various fields, including natural lan-
guage processing, speech recognition, and classification tasks among others. In practical
terms, Machine Learning involves training algorithms to recognize patterns and make
informed predictions or decisions without explicit programming for each scenario. By
analyzing large datasets, these algorithms identify underlying patterns and relationships,
enabling systems to adapt and improve over time. This adaptive capability is crucial
for tasks such as understanding and generating human language, distinguishing speech
patterns, or categorizing data into distinct groups. Moreover, the versatility of Machine
Learning extends beyond specific domains, impacting industries ranging from healthcare
to finance and beyond. Its ability to automate and optimize processes, coupled with its
potential for predictive insights, makes it a cornerstone of modern technological advance-
ments. Ultimately, Machine Learning continues to evolve, driven by ongoing research
and innovation, promising further enhancements in artificial intelligence and its practical
applications across diverse sectors globally. Machine learning approaches can be catego-

rized into three main types:

(1) Supervised Learning
Supervised learning involves a training dataset where each example is represented
by a vector of input variables and their corresponding desired outputs, organized into
amatrix. The process aims to optimize a specified function—typically a loss or cost
function—by adjusting model parameters iteratively. Through this optimization,
the model learns to predict outputs accurately for new inputs by capturing patterns
and relationships in the data. The quality of the training data, choice of objective
function, and optimization algorithm are crucial for the model’s ability to generalize
and make reliable predictions on unseen data, making supervised learning founda-
tional in fields like image recognition and predictive analytics. Commonly used al-
gorithm includes support vector machines, linear regression, K-nearest neighbour,

neural networks, naive Bayes, and random forest.

(i1)) Unsupervised Learning
Unsupervised learning utilizes set of unlabeled data and identifies common features

to categorize into meaningful clusters. The model then reacts on the new data sets
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based on presence or absence of such features. Commonly used algorithm includes
Hopfield learning, maximum likelihood, Hierarchical clustering and partial least

square.

(iii)) Reinforcement Learning
Reinforcement learning uses an interactive environment to achieve predefined goals.
It explores this environment and receives feedback or rewards based on its actions,
which it seeks to optimize through learning. The environment is often represented
using a Markov process, allowing the agent to make decisions based on current
states and actions, and enabling the modeling of dynamic interactions over time.
Commonly used algorithms are Monte Carlo methods, temporal differences and

state action reward state action.

2.4.1 Multi Layer Perceptron

The Multi Layer Perceptron (MLP) is an artificial neural network characterized by its
feedforward structure, encompassing multiple layers such as an input layer, one or more
hidden layers, and an output layer, each layer being fully interconnected. The fundamental
unit of an MLP is the perceptron. The perceptron shown in Figure 2.4 takes the three values
of the input vector = and evaluates the weighted sum > ; z;w; + b where b is bias term
added to the perceptron to provide additional flexibility in modeling complex patterns in
the input data and is usually not shown in the network architecture. The activation function

determines the output bases on the weighted sum.

I
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2 Yy
w3 |
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Figure 2.4: Perceptron

Some of the commonly used activation function are:

1. Sigmoid function
The sigmoid activation function transforms real-numbered inputs into a range be-
tween 0 and 1. The sigmoid function approaches a horizontal slope at extreme input

values, specifically near negative infinity or positive infinity. This phenomenon is

14



known as the vanishing gradient, where the gradient or slope of the function be-

comes exceptionally small. The sigmoid is defined as:

= -4 =2 0 . 4 <]

Figure 2.5: Sigmoid activation function

2. Hyperbolic tangent function
The hyperbolic tangent function closely resembles the sigmoid activation function,
sharing the characteristic S-shape and has an output range from -1 to 1. In the case
of tanh, as the input increases (becomes more positive), the output approaches 1.0,
while the ouput decreases (becomes more negative), the output tends towards -1.0.

The tanh is defined as:
B e$ + e—fL'

e.%’ _ e—l‘

f(x)

The Figure 2.6 shows the tanh function.

Figure 2.6: tanh activation function
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3. ReLU function
ReLU, short for rectified linear unit, transforms the input to zero or itself. It func-
tions by outputting zero if the input is zero or negative, and retaining the input value

if it 1s positive. Mathematically ReLU is represented as:

f(z) =max(0,x)

-5

Figure 2.7: ReLU activation function

4. Leaky ReLU
Leaky ReLU is an activation function used in artificial neural networks. It is an
enhancement over the traditional ReLU function, designed to address the “dying
ReLU” problem where neurons can become inactive during training due to a con-
sistently low output. In essence, Leaky ReLU utilizes a non-zero small gradient
when the input is negative, instead of simply zeroing out like ReLU. Mathemati-
cally, it is defined as:
x, ifx>1

fx) =

ar, ifr<l1

5. SoftMax
The SoftMax is a function that turns the vector of k real values into vector of k real
values that sums to 1 which can now be interpreted as probabilities. If one of the
inputs is small or negative, the softmax turns that input into a small probability, and
if an input is large, then it turns that input into a large probability. The softmax is
defined as: o

U(xl) = AZ‘I;_l e%k
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The softmax is used as an activation for output layer of multi class classification

networks.

Each layer in an MLP is composed of several perceptrons. Connecting these layers in
sequence forms the MLP architecture. The width of a layer is determined by the number
of perceptrons in a layer, while the network’s depth is defined by the total number of
these interconnected layers. The output layer, located at the final stage of the network, is
responsible for producing the desired output. An MLP with four layers, one input layer
with four perceptrons, two hidden layers with five and three perceptrons, and output layer

with two perceptrons is shown in Figure 2.8.
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Figure 2.8: MLP with two hidden layers

For, the above MLP, if each layer transform the input via function fi, fo, f3, fi1, respec-

tively from input to output layer. Then for an input vector z, the output vector will be

fa(fs(f2(f1(2)))).

Learning in MLP involves the iterative adjustment of connection weights between neu-
rons, a process critical for the network to learn patterns and relationships from data. This
research focuses on supervised learning, where the network learns from labeled examples,
supported by the Adam optimizer for efficient weight updates. In supervised learning with
an MLP, each training cycle begins by presenting an input vector to the network. The net-
work processes this input through its layers of neurons to produce an output vector. This
output is then compared to the expected output, known as the target output. The compar-

ison between the network’s output and the target output generates an error signal, which
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quantifies the disparity between the predicted and desired outcomes. This error signal
serves as a guide for adjusting the weights of the network connections. The Adam opti-
mizer facilitates this adjustment process by efficiently updating the weights based on the
error signal, aiming to minimize prediction errors over time. Throughout training, the net-
work repeatedly adjusts its weights in response to observed errors, gradually improving
its ability to accurately map inputs to outputs. This iterative learning process continues
until the network achieves the desired level of accuracy on the training data, enabling it to
generalize well to new and unseen data. In summary, supervised learning in neural net-
works involves optimizing connection weights through error minimization, facilitated by

algorithms like Adam, to enhance the network’s predictive capabilities and performance.
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CHAPTER THREE: METHODOLOGY

This chapter describes the workflow of the research starting from the data acquisition,
extraction of characteristic frequency and its magnitude from the measured current signal,

and culminating with the MLP model to differentiate between the various motor states.

3.1 Approach

At first to understand the concepts, needs and the development of fault diagnostics and
condition monitoring techniques, a literature review is done. The data is then collected
from the experimental setups at Aalto University, Finland and Tallin University of Tech-
nology, Estonia. To extract the features of the measured signal, discrete Fourier Trans-
form (DFT) is performed. Then, neural network is trained to detect the faults using the
extracted features. Finally, the documentation is done. The overall methodology that has

been utilized in this dissertation is shown in Figure 3.1.

Literature Review Data Collection

Y Y
Algorithm Implememtation

Perform FFT of the Current
Signal

v

Features Extraction

v

Train the Neural Network

J

Analyze the Effects of the ¥
Motor Loading Level on CM

h 4

Result Analysis

Documentation

Figure 3.1: Methodology Approach

3.2 Tools and Software

This section lists the tools and software used in this dissertation.
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3.2.1 Microsoft Office

Microsoft Office comprises a suite of software applications created by Microsoft, includ-
ing a word processing program (Word), a spreadsheet application (Excel), and a presen-
tation software (PowerPoint), among other tools. In this dissertation, Word is utilized for

initial report drafting, while Excel is employed for storing the extracted features.

3.2.2 Matlab

Matlab is a software platform for programming and numerical computing, created by
MathWorks. In this research, Matlab is utilized to apply the Fourier transform to the

measured current signal, extracting the frequency and magnitude of the sidebands

3.2.3 Kaggle

Kaggle is a data science platform and online community owned by Google. It includes
a range of Python libraries utilized for data science and machine learning purposes. The

Table 3.1 shows the various libraries used in this dissertation.

Table 3.1: Python Libraries Used

Libraries Purpose
Numpy Array manipulation and matrix processing
Pandas Data manipulation and analysis
Matplotlib Data visualization and plotting
Seaborn Data visualization and plotting
Scikit Learn MLP modeling
TensorFlow MLP modeling
Keras MLP modeling

3.2.4 Overleaf

Overleaf is an innovative online platform and LaTeX editor designed specifically for aca-
demics, researchers, and professionals involved in scientific writing and publishing. Over-
leaf provides a collaborative environment where users can create, edit, and manage LaTeX
documents seamlessly, without the need for local LaTeX installations or complex setup.
It offers LaTeX templates from various reputable journals. In this dissertation, overleaf is

used for preparing the reports.
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3.3 Data Acquisition

This section describes experimental procedures carried out by the team of Aalto Univer-
sity, Finland and Tallin University of Technology, Estonia. The data obtained from the
experiment is used as the basis for this research.

3.3.1 Experimental Setup

The experimental setup involves two identical motors connected back-to-back via their
shaft: the first healthy motor is used to load the test machine which had 0 to 3 broken
rotor bar (BRB)s. Both the motors were controlled by a variable frequency drive. The
Dewetron transient recorder is used to record the stator currents at the sampling rate of
20 kHz for about 20 seconds after steady operation. The experimental setup is shown in

Figure 3.2 and the schematic diagram is shown in Figure 3.3. The machine specification

is shown in Table 3.2.

Figure 3.2: Experimental Setup
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Figure 3.3: Schematic Diagram of the Setup
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Table 3.2: Machine Specification

Parameters Symbols/Units | Value
Number of poles P 4
Number of Phases 3
Connection A
Voltage A" 400
Current A 15.3
Power kW 7.5
Speed rpm 1460
Power factor cos ¢ 0.79

3.3.2 Experimental Procedure

The experiment was carried out as below:

 The test machine steady phase current was recorded for 20 seconds after steady state
under healthy rotor conditions (i.e., at 0 BRB fault) at different load levels of 0, 25,
50, 75, and 100 percent of the rated nominal load at the sampling rate of 20 kHz.

* The BRB was realized by drilling a hole in the rotor slot.

» The bars were broken sequentially, and the current signal recordings were obtained

for 1, 2, and 3 BRBs state.

» The recordings were stored in a .mat file.

The BRBs made during the experiment are shown in Figure 3.4.
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Figure 3.4: Rotor with (a) one, (b) two and (c) three BRBs

The example plot of the recorded current signal is shown in Figure 3.5, Figure 3.6, and

Figure 3.7.
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Figure 3.5: Current Profile for Healthy Case at 100% Load
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Figure 3.6: Current Profile for 2 BRB Case at 100% Load
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Figure 3.7: Current Profile for 3 BRB Case at 100% Load

From Figure 3.5, Figure 3.6, and Figure 3.7, it can be seen that the machine states are
difficult to differentiate based on time domain signal. Hence, the frequency spectrum was

obtained by applying the Fast Fourier Transform (FFT) to the measured current signal.
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3.4 Features Extraction

To extract the features from the measured current signals, a window of 50 electrical cycles
was taken. As the current signal had a frequency of 50 Hz, the window length was equal
to one second. The features obtained from this window makes up a single data point. To
obtain the next data point the window was shifted by 2 electrical cycles (i.e., 0.04 seconds).
This process was carried on to obtain 400 data points for a single machine state at a given

loading. This process is shown in Figure 3.8.
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Figure 3.8: Current Signal Windowing

To transform the window into frequency domain (FFT) was used. To reduce spectral

leakage, the Hann window function was employed.. The Hann window is defined as:

w(n)=0.5 (1 — cos(27rZ)>

A Hann window was used in this dissertation which is shown in Figure 3.9.
The sample current signal after Hann windowing is shown in Figure 3.10.

The Hanned current signal was then transform into the frequency domain using FFT. The

FFT is described here:
Let x,, be a sequence of the N measured values.

Tp = X0,L1,L2,--, TN—-1
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Figure 3.9: Hann Window
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Figure 3.10: Current Signal after Hann Windowing

Then the FFT of the sequence z,, is defined as

where X = Xg, X1,..., Xny_1 1s the FFT of the sequence x,, and j is the square root of
negative one, i.e., the imaginary unit. After this, the frequency and magnitude of the LSB

and RSB from the frequency spectrum were taken as the features.
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In total 6,400 data points were obtained, 400 points for each Healthy and Faulty state at the
loading of 25, 50, 75, and 100 percent of the rated load. No Features could be extracted

for no load conditions.

3.5 Multi Layer Perceptron

An MLP with three hidden layers was developed in Kaggle using libraries TensorFlow
and Keras. The model consisted of five layers overall comprising input, output and three
hidden layers. The input layers had four perceptrons corresponding to the number of
inputs, standardized the features value to scale one. The output layer had four perceptrons,
each corresponding to one of the machine state. Since, the problem is a classification type,
the activation function in the final layer was set to Softmax. The hidden layers had 128,

64, and 16 perceptrons respectively with Sigmoid activation.

The MLP model was trained with Adam optimizer with the metric Accuracy and loss
Sparse Categorical Cross-Entropy. The maximum number of epoch was set to 128 and
batch size 32. The MLP was able to attain accuracy of 96% on the train data set. The
confusion matrix was employed to access the performance of the MLP on the test dataset

at various load levels which shown in Chapter 4.2.
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CHAPTER FOUR: RESULTS AND DISCUSSION

This chapter presents the results obtained using the methodology described in Chapter 3.

4.1 Features Extraction

To extract the frequency and magnitude of the side bands of the measured current signal,
FFT is used. Figure 4.1 to Figure 4.5 show the FFT of the measured current signal at
various load levels, and at various motor states. Table 4.1 to Table 4.4 shows the magni-
tude and the frequency of the sidebands at different machine states. The variation of the
sidebands is shown in Figure 4.7 and Figure 4.8. The FFT analysis was unable to identify
sidebands in both healthy and faulty states of the motor under no-load conditions. This
limitation arises because the fundamental component of the current signal is very small
during no-load conditions, and the sidebands closely overlap with this fundamental com-
ponent. Detecting faults in the induction machine using the magnitude and position of

these side bands is feasible, as discussed in Chapter 4.2
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Figure 4.1: FFT of measured current signal at no load
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Figure 4.3: FFT of measured current signal at 50% of rated load
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Figure 4.5: FFT of measured current signal at 100% of rated load
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Figure 4.6: Shift in the position of side bands for 3 BRB state

Table 4.1: Side bands for Healthy State

% Loading of Left Side Band Right Side Band
Rated Load | Freq. (Hz) | Mag. (dB) | Freq. (Hz) | Mag. (dB)
25 49.5 -50.74 50.5 -53.85
50 49.3 -72.59 50.7 -70.72
75 48.8 -78.68 51.2 -78.27
100 48.1 -75.82 51.8 -81.33

Table 4.2: Side bands for 1 BRB State

% Loading of Left Side Band Right Side Band
Rated Load | Freq. (Hz) | Mag. (dB) | Freq. (Hz) | Mag. (dB)
25 49.4 -49.76 50.5 -49.78
50 48.9 -44.39 51.1 -45.69
75 48.4 -45.39 51.6 -44.36
100 47.7 -44.04 523 -42.91

Table 4.3: Side bands for 2 BRB State

% Loading of Left Side Band Right Side Band
Rated Load | Freq. (Hz) | Mag. (dB) | Freq. (Hz) | Mag. (dB)
25 49.4 -41.09 50.6 -40.03
50 48.8 -37.83 51.1 -37.61
75 48.4 -35.19 51.6 -34.11
100 47.7 -35.03 523 -33.52
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Table 4.4: Side bands for 3 BRB State

Magnitude in dB

% Loading of Left Side Band Right Side Band
Rated Load | Freq. (Hz) | Mag. (dB) | Freq. (Hz) | Mag. (dB)
25 49.3 -36.72 50.6 -36.32
50 48.8 -34.25 51.2 -31.22
75 48.1 -32.60 51.9 -31.89
100 47.4 -30.57 52.6 -29.19
-20 T T T T T T T
Healthy
—1BRB
=30 2BRB F
—3BRB
40 - .
% 50 |- B
8 :
70| S — .
-80 - — E
.90 I I I L I I I
20 30 40 50 60 70 80 90 100

Loading in Percentage of Rated Load

Figure 4.7: Variation of RSB with Loading
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Figure 4.8: Variation of LSB with Loading
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The major findings from this figures is listed below.

 Shift in location of the side band with machine state:
As the severity of the fault was increased, the side band frequency shifted further
away from the fundamental component. This can be attributed to the fact that, the
machine losses increases with the increase in severity of the fault. The machine slip
will then increase to accommodate for the increase in power demand. This is visible

in Figure 4.1 to Figure 4.5.

 Shift in location of the side band with loading:
As the loading of the machine was increased the side band was found to shift further
away from the fundamental component. This is due to the fact that as the loading of
the machine was increased, the slip of the machine increased to increase the output
torque. The side band frequency given by fy,, = fs(1+2s) then shifts accordingly.
This is shown for the case of 3 BRB motor state in Figure 4.6.

* Variation of side band amplitude with machine state:
The amplitude of the side band at either side of the fundamental component was
found to increase with the increase in the severity of the fault. This is shown in

Figure 4.7 and Figure 4.8.

4.2 Fault Detection and Performance of the MLP

An MLP was trained to detect the fault from the measured current signal. The MLP was
trained using 4800 data points and tested using 1600 data points. The test data set consists
of 100 data points for a machine state at a given load level. Confusion matrices were
implemented to visualize the performance of the MLP. Figure 4.9 to Figure 4.13 shows
the confusion matrix of the test data set at various load levels. Table 4.5 and Figure 4.14
compares the BRB fault detection by the model at various load levels using the metrics:

accuracy, precision, recall, and f1 — scores. The used terms are defined as below.

Accuracy: Accuracy assesses the ratio of correctly predicted instances. It encompasses
both true positives and true negatives, among all instances examined. It provides a com-
prehensive evaluation of the model’s overall performance across all classes, indicating
how well it correctly identifies instances regardless of class distinctions. A higher accu-

racy score indicates that the model effectively predicts instances correctly, reflecting its
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ability to generalize well to unseen data. It is calculated as

TN+TP
Total Observation

Accuracy =

Precision: Precision measures the model’s accuracy in predicting positive instances by
calculating the ratio of true positives to the sum of true positives and false positives. It
reflects the model’s ability to identify relevant positive instances accurately, emphasizing
the precision of its predictions. A higher precision score indicates that the model selects
fewer false positives relative to true positives, demonstrating its capability to minimize
incorrect positive predictions and enhance the reliability of positive classifications. It is

calculated as:
TP

Precision = W

Recall: Recall measures the model’s effectiveness in identifying all true positives within
the dataset. It is calculated as the ratio of true positives to the sum of true positives and
false negatives. This metric indicates how well the model sensitively detects positive
instances, demonstrating its ability to correctly capture relevant examples from the dataset.

It is calculated as:
TP

Recall = m

F1 — score: The Fl-score is calculated as the harmonic mean of precision and recall, of-
fering a single metric that harmonizes both measures effectively. It is especially useful
when there is a need to strike a balance between precision, which measures the accuracy
of positive predictions, and recall, which gauges the model’s ability to identify all rele-
vant instances. When both precision and recall are perfect (equal to 1), the F1-score also
reaches its peak of 1, indicating an ideal classifier that achieves high accuracy in predict-
ing positives while comprehensively capturing all relevant instances in the dataset. It is

calculates as: o
Precision * Recall

Fl-— =2
seore Precision + Recall

where,

TP is the true positive i.e., prediction of 0 BRB as 0 BRB,

FP is false positive i.e., prediction of 1, 2 or 3 BRB as 0 BRB,

TN is true negative i.e., prediction of 1, 2 and 3 BRB as 1, 2 and 3 BRB respectively,
FN is false negative i.e., prediction of 0 BRB as 1, 2 or 3 BRB.
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Figure 4.9: Confusion Matrix for loading level of 100% of rated load
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Figure 4.10: Confusion Matrix for loading level of 75% of rated load
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Figure 4.11: Confusion Matrix for loading level of 50% of rated load
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Figure 4.12: Confusion Matrix for loading level of 25% of rated load
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Table 4.5: Performance of the MLP at various load levels

i
OBRB

Confusion Matrix for Combined Load Level

1 1
1BRB 2BRB
Predicted Labels

3BRB

Parameters | 25% of | 50% of | 75% of | 100%  of | Combined
Rated Rated Rated Rated Load
Load Load Load Load Levels

Accuracy 82.5 87.25 92.75 96.25 89.69

(%)

Precision 89.47 95.74 96.96 98.01 95.11

(%)

Recall (%) | 85 90 96 99 92.5

F1-score 87.17 92.78 96.47 98.50 93.78

(%)
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Figure 4.14: Performance of the MLP at various load levels

From Table 4.5 and Figure 4.14, the following observations could be made:

Increased Performance with Load: The accuracy and fl-score of the monitoring tech-
nique consistently increases with higher machine loads. This trend suggests that the pre-
sented technique is more effective at detecting and classifying faults as the machine oper-

ates closer to its maximum capacity.

Incremental Improvement: There is a noticeable incremental improvement in perfor-
mance of the presented technique as the load progresses from 25% to full load. This
progressive increase in the performance indicates that the method becomes more reliable
and sensitive to detecting fault-related signals as the loading conditions become more de-

manding.

High Accuracy at Full Load: Achieving a high accuracy of 96.25% at full load indicates
that the monitoring technique performs exceptionally well under optimal operating con-
ditions. This high level of accuracy is crucial for reliable fault detection and predictive

maintenance in industrial settings.

Therefore, it can be concluded that the performance of the monitoring technique correlates
positively with increasing machine load. This conclusion underscores the technique’s ca-
pability to effectively monitor and diagnose machine health across different operational

conditions, with higher accuracy observed at higher load levels.
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CHAPTER FIVE: CONCLUSION

In this research, frequency analysis was presented as a way to detect the broken rotor
faults in induction machine. It is also shown that by observing the side bands around the
fundamental frequency, the broken rotor faults in induction machine could be detected.
Furthermore, an MLP model was trained to detect the faults from the measured features.

Further, investigation is needed to detect the fault during the lower loading of the machine.

The effectiveness of the presented condition monitoring technique noticeably improved
as the percentage loading of the machine increased. This enhancement in performance at
higher load levels can be primarily attributed to the amplified magnitude of the sidebands
in the current signal. Side bands, which represent frequencies related to broken bar faults,
become more pronounced as the load on the machine increases. Moreover, the increase
in machine load results in these sidebands shifting further away from the fundamental
component of the signal. This separation makes it easier for the monitoring technique to
distinguish between different states or conditions of the machine based on the frequency
components present in the current signal. On the other hand, the relative lower perfor-
mance of the monitoring technique at low loading levels is primarily due to the diminished
amplitude and proximity of side bands to the fundamental component in the current signal.

These factors reduce the clarity and separability of fault-related frequencies.

Therefore, the condition monitoring technique benefits significantly from higher load lev-
els due to both the increased amplitude and clearer differentiation of side bands. This
correlation underscores the technique’s sensitivity to detecting and identifying faults un-
der varying operational conditions, thereby enhancing the reliability and effectiveness of

machine health assessments in practical applications.
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Abstract

Induction machines are used in a different range of applications because of their low cost, robustness, and high efficiency. All
machines, no matter how robust they are or how well they are designed, are prone to faults during their operation. Broken rotor
bar faults is one of such faults and can cause a number of unwanted effects in induction motors. Condition monitoring is required
to detect those faults in its inception stage to minimize the down time, economic losses and safety risks. The broken rotor fault
produces the sidebands components around the fundamental frequency. By analysing the frequency spectrum of the motor input
current for the sidebands, the broken rotor fault can be detected. In this paper, Discrete Fourier Transform is used to analyze the
input current of the squirrel cage induction motor to study the effects of the variation of the changing load level on the sidebands to

differentiate between healthy and faulty motor states.
Keywords

Induction Motor, Condition Monitoring, Fourier Transform, Broken Rotor Bars

1. Introduction

1.1 Background

Electrical machines are used in a vast number of applications,
including but not limited to those in home appliances, electric
vehicles, manufacturing process, and power generation. These
electrical machines come in various sizes, ranging from a
fraction of kilowatts used in household applications, to hundreds
of megawatts used in electricity generation. Among them the
induction machine consumes around 85% of power in the
industrial applications[1]. Induction machine finds its various
applications because of its low cost, high efficiency, and
robustness[2]. But, no matter how robust a machine is, it is
prone to failure at some point of its lifetime. Some of the
induction machine faults are broken rotor faults, eccentricity
faults, bearing faults, single phasing, and stator winding short
circuits. Although broken rotor bars represent around 10% of
motor failure, depending on the failure level, they may produce
total motor loss[1]. Condition monitoring is the detection of the
faults in its inception states before leading to catastrophic failure
in order to minimize the down time, economic losses, safety
risks, and total motor loss.

1.2 Causes of broken rotor bar

Broken rotor bar faults occur when one or more of the bars
that make up the rotor breaks. The failure is caused by the
combination of one or more of the following|[3, 4].

* Overheating of the rotor cage due to direct on-line starting
or overloading.

* Mechanical stress due to pulsating loads, unbalanced load,
bearing failures, excessive vibrations, and voltage
fluctuations.

* Magnetic stress due to unbalanced electromagnetic forces.

¢ Contamination and corrosion due to chemical or moisture
exposure.

* Manufacturing defects.

1.3 Effects of broken rotor bar on machine operation

A broken rotor bar carries little to no current depending on the
degree of the fault. This causes rotor current to be unbalanced[5].
A motor can operate in this asymmetrical condition but results
in unbalanced air gap flux, increased losses, increased torque
oscillations and decrease in average torque[6]. Due to increase
in losses and decrease in average torque, the motor slip increases
at constant load as the severity of the fault increases. As the
broken bar is unable to conduct the current originally flowing
through it, the currents in the neighboring bar increases. Figure 1
[7] shows the current density distribution of squirrel cage motor
under healthy and faulty conditions. It shows that the current
density increases in the bar close to the broken bar and the effect
is more pronounced as the severity of the fault increases. This
increase in current leads to an increase in temperature of the rotor
and increase losses since the heat loss is directly proportional
to the square of the current flowing through it. This increase in
heat and temperature of the rotor bar causes the rotor to expand
and thus increases the tension in the bar. Increased temperature,
electrical stress, and mechanical stress will deform the rotor over
time and increase the failure probability of the adjacent rotor bar.
This can then escalate to other rotor bars.

In the motor with the high rotor speed, the broken rotor bar may
experience sufficient centrifugal forces and can bend toward the
stator. This rotor bar may then come in contact with the stator
winding leading to the motor failure[8].

Pages: 1 -5
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(a) Healthy cage

3 (ame2)

(b) One broken fault cage  (c) Continuous two broken bar fault cage

fs(1— 2s) is termed as Left Side Band (LSB) and f(1 4 2s) is
termed as Right Side Band (RSB).

2.2 Experimental Setup

The stator input currents for both healthy and faulty states was
obtained from the experimental setup at Aalto University,
Finland and Tallin University of Technology, Estonia.The

Figure 1: The current density distribution of squirrel cage
machine at healthy and faulty condition[7]

2. Methodology

This section describes the experimental method, and the tools
and technique used to detect the broken rotor bar faults in the
induction machine. The method used here is an non-invasive
condition monitoring technique and does not require the direct
access to the motor for its implementation. This method requires
the stator current of the motor which is easily accessible since, it
is utilized for the protection of motor from over currents.

2.1 Stator Current Sidebands

The stator input current contains the information about the
machine health. The operation of the induction machine with
broken rotor bar induces the line currents at the frequencies
given by[9, 10]

fbrb = fs (m + 2kS)

where,

m=1,3,5,..

ke Nt

f; is the fundamental component of the stator current
s is the motor slip

which are known as the side band components. An increment in
the magnitude of theses characteristics frequency in the stator
current indicates a rotor bar fault. Therefore, the study of these
frequencies is a viable option to differentiate motor states.

The magnitude of the components in fy,, decreases rapidly with
increase in k and m. This is shown in Figure 2[11] and as
such they are often limited to 3. In this paper, the sidebands

0.35
—— (1425
0.3 - - —(1-2s)f
- - (5-4s)f,
025 t?_asjfs ........ -
=
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=
I
2015
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0.1 1
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Figure 2: Variation of the magnitue of sidebands

corresponding to k = 1 and m = 1 is studied. The sideband

machine specification is shown in Table 1.

Parameters Units | Value
Number of poles 4
Number of Phases 3
Connection A
Voltage v 400
Current A 15.3
Power kW 7.5
Speed rpm | 1460
Power factor 0.79

Table 1: Machine Parameters

The experimental setup is shown in Figure 3. The experiment
consists of two identical motors connected back-to-back through
their shaft and placed on the same mechanical base. The first
healthy motor is use to load the second motor which had O to
3 Broken rotor bars. Broken rotor bars were implemented by
drilling a hole through the rotor.

Test
machine

Figure 3: Block diagram of the setup

Load
machine

First, the test machine’s phase current was recorded for 20
seconds after steady state under healthy conditions (i.e., at 0
broken rotor bar fault) at different load levels of 0, 25, 50, 75,
and 100 percent of the rated nominal load at the sampling rate of
20kHz. Next the rotor bar was broken by drilling a hole in the
rotor slot. The bars were broken sequentially, and the current
signal recordings were obtained for 1, 2, and 3 broken rotor
state. The recordings were stored in a .mat files. Figure 4 -
Figure 6 shows the sample measured current signal of the test
machine at different states. From, Figure 4 - Figure 6, it can be
seen that the machine states are difficult to differentiate based
only on time domain signal. Hence, the Discrete Fourier
Transform (DFT) was applied to the measured current signals to
obtain the frequency spectrum.

2.3 Discrete Fourier Transform

Let x, be a sequence of the N measured values.

Xn = X0, X1,X25 -+, XN—1
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Then the DFT of the sequence x, is defined as

—1 _ j2mKn

where Xg = Xp, X1, ...,Xy_1 is the DFT of the sequence x, and j
is the imaginary unit.

3. Result and Discussion

Figure 7 - 11 shows the DFT of the measured current signal at
various load levels and various healthy and faulty states. The
states are labeled as below:

 Healthy: Motor with no broken rotor bar faults
* 1BRB: Motor with one broken rotor bar

¢ 2BRB: Motor with two consecutive broken rotor bars

Healthy’
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Figure 8: Frequency Spectra of Motors with Healthy and
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Figure 9: Frequency Spectra of Motors with Healthy and
Broken Rotor Bars at 50% of rated load
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¢ 3BRB: Motor with three consecutive broken rotor bars.

From the frequency spectra shown in Figure 7-11, it can be easily
seen that the side band arises around the fundamental component.
The magnitude of the bands at either side of the fundamental
frequency was found to increase with the increase in the severity
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of the fault. Also, the side bands were found to shift away
from the fundamental component with the increase in severity
of the fault. The sidebands were difficult to observe in low and
no load condition on both healthy and faulty states. Further
Figure 12 and Figure 13 shows the variation of the magnitude of
the side bands around the fundamental frequency which can be

used to detect the broken rotor bar faults in induction machine.

The reason for the difficulty to detect the sidebands at low and
no load conditions is due to the fact that the slip s decreases
with the decrease in loading of the motor and the side band
frequencies given by fs(1 — 2s) and fs(1 + 2s) shifts close to the
supply frequency fs. Also, the decrease in the magnitude of the
input current at lower loading causes the sidebands to decrease
in magnitudes, further making it difficult for their detection.

4. Conclusion

In this paper, frequency analysis was presented as a way to detect
the broken rotor faults in induction motor. Section 3 showed that
by observing the side bands around the fundamental frequency,
the broken rotor faults in induction motor could be detected. An

ANN model could be trained to detect the faults in the motors
efficiently. Further investigation is needed to detect the fault
during the lower loading of the machine.
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