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Abstract - Industrial motors are subject to incipient faults
which, if undetected, can lead to motor failure. The necessity
of incipient fault detection can be justified by safety and
economic reasons. The technology of artificial neural networks
has been successfully used to solve the motor incipient fault
detection problem. This paper develops inexpensive, reliable,
and non- invasive NN based incipient fault detection scheme
for small and medium sized induction motors. Faults and
failures of induction machines can lead to excessive
downtimes and generate large losses in terms of maintenance
and lost revenues. This motivates motor monitoring, incipient
fault detection and diagnosis. Non-invasive, inexpensive, and
reliable fault detection techniques are often preferred by many
engineers. In this paper, a feed forward neural network based
fault detection system is developed for performing induction
motors rotor faults detection and severity evaluation using
stator current. From the motor current spectrum analysis and
the broken rotor bar specific frequency components
knowledge, the rotor fault signature is extracted and monitored
by neural network for fault detection and classification. The
proposed methodology has been experimentally tested on a 5
HP/1750 rpm induction motor. The obtained results provide a
satisfactory level of accuracy.

Keywords: Fault diagnosis and identification, Rotor fault,
broken bars, MCSA.

1. INTRODUCTION
Induction Motor are complex electro-mechanical devices
utilized in most industrial applications for the conversion
of power from electrical to mechanical form. Induction
motors are used worldwide as the workhorse in industrial
applications. Such motors are robust machines used not
only for general purposes, but also in hazardous locations
and severe environments. General purpose applications of
induction motors include pumps, conveyors, and machine
tools, centrifugal machines, presses, elevators, and
packaging equipment. On the other hand, applications in
hazardous locations include petrochemical and natural gas
plants, while severe environment applications for
induction motors include grain elevators, shredders, and
equipment for coal plants. Additionally, induction motors
are highly reliable, require low maintenance, and have
relatively high efficiency. Moreover, the wide range of
power of induction motors, which is from hundreds of
watts to megawatts, satisfies the production needs of most
industrial processes. However, induction motors are
susceptible to many types of fault in industrial
applications. A motor failure that is not identified in an
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initial stage may become catastrophic and the induction
motor may suffer severe damage. Thus, undetected motor
faults may cascade into motor failure, which in turn may
cause production shutdowns. Such shutdowns are costly in
terms of lost production time, maintenance costs, and
wasted raw materials. The motor faults are due to
mechanical and electrical stresses. Mechanical stresses are
caused by overloads and abrupt load changes, which can
produce bearing faults and rotor bar breakage. On the
other hand, electrical stresses are usually associated with
the power supply. Induction motors can be energized from
constant frequency sinusoidal power supplies or from
adjustable speed ac drives. However, induction motors are
more susceptible to fault when supplied by ac drives. This
is due to the extra voltage stress on the stator windings, the
high frequency stator current components, and the induced
bearing currents, caused by ac drives. In addition, motor
over voltages can occur because of the length of cable
connections between a motor and an ac drive. This last
effect is caused by reflected wave transient voltages. Such
electrical stresses may produce stator winding short
circuits and result in a complete motor failure
[1].Induction motors are critical components in many
industrial processes. In spite of their robustness they do
occasionally fail and their resulting unplanned downtime
can prove very costly. There are various types of faults are
there that occurs in these types of motors.
These faults are mainly categorized into two categories on
the basis of the sources of these faults they are:
A. Internal Faults:
i) Mechanical
• Coil and lamination movements
• Bearing faults
• Rotor strikes
• Eccentricity
ii) Electrical
• Dielectric failure
• Rotor bars Crack
• Magnetic circuit Faults
B. External Faults:
i) Mechanical
• Pulsating load
• Poor mounting
• Over load
ii) Electrical
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• Transient voltage
• Voltage fluctuation
• Unbalanced voltage
iii) Environmental
• Humidity
• Temperature
• Cleanliness
Specifically, this paper addresses electrically detectable
faults that occur in the rotor cage, namely broken rotor
bars. The methods developed in this thesis detect motor
faults without the necessity of invasive tests or process
shutdowns. Moreover, the presented methods monitor the
operating induction motor continuously, so that human
inspection is not required to detect motor faults.

2. BROKEN ROTOR BAR ANALYSIS
Broken rotor bars do not initially cause an induction motor
to fail but there can be serious secondary effects of broken
rotor bar. The broken parts of rotor bar hits to the end
windings or stator core of a high voltage motor at a high
velocity. This can cause serious mechanical damage to the
insulation and a consequential winding failure may follow,
resulting in a costly repair and lost production
[19][23][24]. Broken rotor bars or end rings can be caused
by following:
• A direct-on-line starting duty cycle for which the rotor
cage winding was not designed to withstand causes high
thermal and mechanical stresses.
• Pulsating mechanical loads such as reciprocating
compressors or coal crushers (etc.) can subject the rotor
cage to high mechanical stresses.
• Imperfections in the manufacturing process of the rotor
cage.
Advanced signal processing techniques in combination
with advanced computerized data processing and
acquisition show new ways in the field of rotor bar analysis
monitored by the use of spectral analysis. Some advanced
signal processing techniques that can be used for diagnosis
of rotor bar fault are given below:
• Fast Fourier Transform (FFT)
• Short Time Fourier Transform (STFT)
• Wavelet Transform (WT)
The success of these techniques depends upon locating by
spectrum analysis with specific harmonic components
caused by faults. Due to broken rotor bars, the two slip
frequency sideband near the main harmonic can be
appeared. Usually, a decibel (dB) versus frequency
spectrum is used in order to detect the unique current
signature patterns that are characteristic of different faults.
The rotating magnetic field induces rotor voltages and
current at a slip frequency and this produces an effective
three phase magnetic field rotating at slip frequency with
regard to the rotor. If rotor asymmetry occurs then there
will also be a resultant backward rotating field at slip
frequency with respect to the forward rotating rotor. This
backward-rotating field induces a voltage in the statorcurrent spectra also appears. The paper [12][23][24] have
used the motor current signature analysis (MCSA)
methods to detect broken bar faults by investigating the
Volume 3 Issue 4 July-August, 2014

sideband components, fb, around the supplied current
fundamental frequency:
(1)
Where s is the slip and fs is the supply frequency.
While the lower sideband is specifically due to broken bar,
the upper sideband is due to consequent speed oscillation.
In fact, some works show that broken bars actually give
rise to a sequence of such sidebands given by [1]:
(2)
Fig.1 and Fig.2 reports the experimental stator currents
spectrum affected by the sideband components at
frequencies (1±2s)fs and (1±4s)fs respectively in case of
one and two broken bars. From Fig.1 and Fig. 2, it is
important to note that, as the fault progresses, its
characteristic spectral components continue to increase
over time. Therefore, the correlation between the
amplitude of these components and the fault extent is the
issue of the diagnostic system [1].

Figure 1 Experimental plot of the stator current spectrum
around fundamental with one broken bar.

Figure 2 Experimental plot of the stator current spectrum
around fundamental with two broken bars.

3. MODELLING BROKEN ROTOR BAR
FAULT DIAGNOSIS USING FFT BASED
POWER SPECTRUM
Describes the main steps of a diagnostic procedure, based
on the single-phase stator current signal:
1. First, the signal pre-processing converts the time
domain stator current signal into a usable
frequency domain spectrum. Then a signature
extraction determines which frequencies should
be monitored by the neural network,
2. Finally, the neural network is used to automatically
diagnose and discern between Healthy and faulty
induction motor.
Here the work is performed by using the Mat lab software
Version 7.10.0.499 (R2010a). It deals in the Experimental
study of designing a SIMULINK model of the rotor faults
detection, monitoring and classification of the motor on
the basis of the current signatures. The fault algorithm
monitors the amplitude of fault frequencies and tracks
changes in their amplitudes over time. Model is designed
and tests are performed with using current based fault
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detection technique i.e Fast Fourier Transformation. To
design the model of Induction motor MATLAB tool is
used then to create FFT a function is designed which will
automatically convert the Current samples to the frequency
Spectrum. Here Artificial Neural Network is created which
is trained on the optimum samples of spectrum of 3rd order
harmonics so that can classify a induction motor accurately
whether it is healthy or for faulty due to the occurrence of
rotor fault. This chapter also gives the idea to extend the
project for real time motor data instead of model by using
the Data Acquisition Card (DAQ Card) from National
Instruments (NI) and also shown the experimental setup
for it. Here waveforms of various physical quantities of
motor are also shown for different situations of harmonics
and without harmonics.Designing a 3-phase induction
motor model in the simulink design of Mat lab. Before we
start with the motor diagnosis we have to create a
Simulink model for the motor of desired specification
operated by a programmable voltage source. For this
purpose we will use the Mat lab version 7.10.0.499
(R2010a).
The motor specification that we have chosen is
5HP, 460Volts, 60Hz, 1750 RPM and reference
we have chosen is stationary.
The Specification of the Programmable voltage
source is 460V, 60Hz, with initially zero phase.
The load torque initially applied to the motor is
35 N*m. The figure below shows the Simulink
model of the 3-phase IM connected to the supply
and connected to the waveform visualization
(scope).

Sampled signal
The sampled input signal from a hall effect sensor is
collected at an equal sampling time which can be
expressed as x(n), where n=0,1,2,…,N-1 and N is the
number of samples.
Windowing function
A window is a time-domain weighting function applied to
the input signal. A window is a filter used to remove
signals that are not periodic within the input time record.
This makes the input time record appear to be a periodic
signal, usually by forcing the amplitude to zero at both
ends of the time record. Selecting the proper data window
(such as Hanning, Hamming, Kaiser,
Blackmann or Bartlett [1]. We can see the difference
between these N-point windows functions in Fig.4) can
prevent leakage of energy across the frequency spectrum
caused by transforming signals that are not periodic within
the time record. The windowing functions multiply the
sampled signal by a proper data window w (n). The
windowing data is expressed as:
Wx (n) = w(n).x (n)
(3)

Figure 4 Windowing function
Fast Fourier Transform (FFT)
Within each sample sets, applying FFT (Fast Fourier
Transform) can convert time domain signals wx(n) into the
frequency domain [1][2][7][9][12][23][24].
(4)

Where f is the discrete frequency.
The Power spectral density (PSD) can be estimated by the
following expression:
(5)

Figure 3 Phase Induction motor Simulink model
A. Signal Pre-processing

where

denotes the complex conjugate.

The motor stator phase line current is the signal used as a
basis for the condition monitoring of the rotor faults. The
pre-processor converts the sampled signal to the frequency
domain using an FFT algorithm. The spectrum generated
by this transformation includes only the magnitude
information about each frequency component. Signal noise
present in the calculated spectrum is reduced by a
predetermined number of generated spectra. This can be
accomplished by using spectra calculated from multiple
sample sets [1][12][9][23].
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Figure 5 Structure of the FFT Conversion in rotor fault
diagnosis system
After passing the current _A/B/C sample of workspace to
function to calculate FFT e.g. fftnew (current_A)
Fftnew - function script
Function [ANNSample, Y]= fftnew (simout)
Fs= 1000;
% Sampling frequency
T=1/Fs;
% sampling time
Nfft =1000;
% No. of samples
X= simout.signals.values;
Y=fft(x);
f= Fs/2 *linespace (0, 1, Nfft/2 +1);
ANN sample= 2*abs(Y(1:Nfft/2+1))/141000;
%Give the value of FFT normalized to 1
Plot (f,(2*abs(Y(1:Nfft/2+1)))/141000)
%Plot single-sided amplitude spectrum
Title (‘single- sided amplitude spectrum of y(t)’);
Xlabel (‘frequency (Hz)’)
Ylabel (‘|y(f)|’)
End
In previous step, we will get the graph of the FFT or
spectrum response and we will get the 501 samples of
FFTs absolute value normalized to one (1).This will come
in the variable (ans).

Figure 6 Mat lab implementation of FFT code

spectral information. The rotor faults in induction motors
can be detected by monitoring any abnormality of the
motor current spectrum amplitudes at several certain
frequency components [1][9][12][23].
These frequency components are located around the main
frequency line and are determined according the number of
poles and mechanical speed of the motor. However, there
are other effects that may obscure the detection of the
broken rotor bar fault or cause false alarms. For example,
torque oscillation that can produce stator currents with the
frequency values the same as the monitored frequencies
[9][12][23].
Motor current spectral components for broken rotor
bar
The paper [12][23][24] have used the motor current
signature analysis (MCSA) methods to detect broken bar
faults by investigating the sideband components, fb,
around the supplied current fundamental frequency:
(7)
where s is the slip and fs is the supply frequency. While the
lower sideband is specifically due to broken bar, the upper
sideband is due to consequent speed oscillation. In fact,
some works show that broken bars actually give rise to a
sequence of such sidebands given by:
(8)
Those values (501 samples) we will pass to the input of the
linear classification neural network (net).
I.e A= simout (net, ans);
Ans- column vector of 501 FFT absolute samples.
This will give the output not exact 0 or 1 but between near
to it. Therefore to take the exact 0 and 1 value we have to
round off the value.
I.e
S=round(A);
Now according to the value either 0 or 1 we will display a
message according to it.
If s==1
disp(‘Rotor is severely cracked , motor is faulty require
maintenance’);
else
disp(‘Rotor is in good condition, motor is healthy’)
End

Ensemble averaging
The ability to average a series of measurements is useful to
discriminate between noise and components that are
actually part of the signal. This ensemble-averaging
technique is very effective for determining the frequency
content of a signal buried in a random noise [1]. The PSD
from predetermined number (K) of generated spectra can
then be averaged to give the following estimates:
(6)
Extraction of signatures
The problem concerning the extraction of the signature is
now considered. The extraction is the process used to pick
up signals of importance and reduce the large amount of
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Figure 7 Overall processing after the current sample have
been taken in editor window
Data Normalization
In order to improve the neural network performance, the
data must be well-processed and properly-scaled before
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inputting them to ANN [1]. The normalization process was
required to restrict the range of the patterns for input into
the neural networks. In this study, the inputs to the neural
network are normalized to 1. For this equation (9) can be
used to normalize it to [-1,+1]:
(9)
Where
is the maximum magnitude of the input
vector and
is the minimum magnitude of the input
vector. This is what is achieved in the FFT algorithm only.

4. PRINCIPLES OF ARTIFICIAL NEURAL
NETWORKS
Artificial neural networks use a dense interconnection of
computing nodes to approximate nonlinear functions .Each
node constitutes a neuron and performs the multiplication
of its input signals by constant weights, sums up the results
and maps the sum to a nonlinear activation function g; the
result is then transferred to its output. A feed forward ANN
is organized in layers: an input layer, one or more hidden
layers and an output layer. A MLP consists of an input
layer, several hidden layers, and an output layer. Node i,
also called a neuron, in a MLP network is shown in Fig.4.
It includes a summer and a nonlinear activation function g
[1][10][13].

Figure 8 A multilayer perceptron networks with one
hidden
Layer
The inputs , k = 1...K to the neuron are multiplied by
weights
and summed up together with the constant
bias term . The resulting I n is the input to the activation
function g. The activation function was originally chosen
to be a relay function, but for mathematical convenience a
hyperbolic tangent (tanh) or a sigmoid function are most
commonly used.

5. IMPLEMENTING ARTIFICIAL NEURAL
NETWORKS (ANN)
Designing neural network (linear classification network).
Neural network used is multi-layered feed-forward network
with one input layer, one hidden layer and one output layer
and the training method used is back-propagation
Algorithm.
The activation function used for linear classification is
Purelin. Purelin is a neural transfer function. Transfer
functions calculate a layer's output from its net input.
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Figure 9 Purelin functionA = purelin(N,FP) takes N and
optional function parameters, N S-by-Q matrix of net input
(column) vectors
FP Struct of function parameters (ignored) and returns A,
an S-by-Q matrix equal to N.

Figure 10 Structure of the Artificial Neural Network rotor
fault diagnosis system
Now first we will create samples for harmonics of 3rd
order.
To create a single sample says x1:First set the harmonics in the 3rd order in the
programmable voltage source. i.e Fundamental and
Harmonics generation
A:[ Order (n) Amplitude (Pu) Phase degree]
[3 0.2 25 0]
B: is also same
[3 0.2 25 2]
Run the simulation and generate the 501 spectrum samples
as variable ans and assign x1=ans;
X1>1 (motor is faulty)
as the harmonic is greater than 0.4 as normalized to 1.
In the same way for amplitude we have samples and result,
like Harmonics- 3rd order and 2nd order
Table 1 Number of samples (30) for training at
2nd and 3rd Harmonics
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VARIABLE
NAME
X1

AMPLITUDE

0.20

RESULT

1

ORDER OF
HARMONICS

0.10

0

3

X26

0.08

0

3

X27

0.06

0

3

X28

0.04

0

3

X29

0.02

0

3

X30

0.00

0

3

3

X2

0.40

1

3

X3

0.30

1

3

X4

0.50

1

3

X5

0.25

1

3

X6

0.35

1

3

X7

0.45

1

3

X8

0.20

1

2

X9

0.25

1

2

X10

0.30

1

2

X11

0.35

1

2

X12

0.40

1

2

X13

0.45

1

2

X14

0.13

1

2

X15

0.15

1

2

X16

0.12

0

2

X17

0.10

0

2

X18

0.08

0

2

X19

0.06

0

2

X20

0.04

0

2

X21

0.18

0

3

X22

0.16

0

3

X23

0.14

0

3

X24

0.12

0

3
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X25

As xn, where n > 1 to 30 is a column Vector of 501
elements.
Now combining all these 30 vectors as row vector or
column vectors as a [501 X30].
X=[ x1, x2, x3, x4, x5, x6, x7, x8, x9, x10, x11, x12, x13,
x14, x15, x16, x17, x18, x19, x20, x21, x22, x23, x24,
x25, x26, x27, x28, x29, x30];
In this we have 30 samples we have to create more
samples. So for that we have to increase the no of samples
in order to do that Horzcat function of mat lab will be
used.
X1=horzcat(X,X);
This will create 60 samples. Now further applying horzcat
function as
X2=horzcat(X1,X1);
This will create 120 samples. Now further applying the
function again
X3=horzcat(X2,X2);
This will create 240 samples. Now this will give
[501X240] dimension matrix which means 240 samples in
the form of column vectors with 501 spectrum samples in
each. After that, output for each of these 240 samples will
be created by their corresponding results, therefore for 1st
30 samples, we have from above. Creating a variable as
Here, 1 stands for faulty condition
0 stands for healthy condition
resultout=[1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 1, 0, 0, 0, 0,
0, 0, 0, 0, 0, 0, 0, 0, 0, 0, 0];
In this we have results of 30 spectrum samples
respectively. As we have to created 240 samples. So for
that we have to take care of the result in the same quantity
in order to do that Horzcat function of mat lab will be
used.
resultout1=horzcat(resultout,resultout);
This will create 60 sample’s result. Now further applying
horzcat function as
resultout2=horzcat(resultout1,resultout1);
This will create 120 sample’s result. Now further applying
the function again
resultout3=horzcat(resultout2,resultout2);
This will create 240 sample’s result. Now this will give
[1X240] dimension matrix which means 240 sample’s
result in the form of binary value (either 0 or 1) in each.
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Now we will design a neural network and train it as we
have 240 input samples and their respective results.
X3 – input
resultout3 – output
therefore the command,
Net= newlin (X3, resultout3);
it is to design a neural network.
where newlin is the neural classification based function. In
this Purelin function is used
Net=train (net, X3, resultout3);
where, it used to train the neural network we have
designed.
Net.trainparam.goal=0.1;
This is the error goal we have taken but by default it is
zero(0);
After creating the network it will be saved as net.
Now, we can check any sample with 501 spectrum values
by using the formula (simulation)
A= sim (net, (new 501 spectrum values as column vector));
Now for exact 0 or 1 we will round off it further,
S=round (A);
Now according to the value either 0 or 1 we will display a
message according to it.
If s==1
Disp (‘Rotor is severely cracked, motor is faulty require
maintenance’);
Else
Disp (‘Rotor is in good condition, motor is healthy’);
End

Figure 11 Stator current_A waveform without Harmonics

Main frequency 60Hz

Figure12 Frequency spectrum of the Phase A stator
current without harmonics and without External Noise

Main frequency 60 Hz

6. SIMULATION RESULTS
The induction motor model was tested for healthy working
condition and for broken rotor bars effects under the
various loading condition. The current measurements were
made at load (torque 35 Tm).The frequency spectrum of a
healthy 3 phase induction motor at mechanical input load
torque 35 Tm as shown in figure 17. These figures
represent the frequency spectrum of induction motor.
Frequency Range is selected from 0 Hz to 501 Hz, as it
contains the fundamental frequency and almost all the
visible sideband frequencies. The frequency spectrums
obtained from the current signal for broken bar at specified
load torque mechanical input of 35 Tm is shown in the
figures 11 to 18. At lower value of amplitude of 3rd order
harmonics below a certain threshold here it is considered
to be 0.4 when the spectrum is normalized to 1. Here it is
shown that the Classification of the motor state is very
difficult for the value of amplitude of harmonics near 0.18.
It is also observed here that the frequency spectrum taken
is single sideband only. It is observed that fault frequency
side bands for the broken rotor bar are visible at and above
certain level of harmonics amplitude which is 0.18 in this
case and its result will be 0.4 at the frequency spectrum
which is considered here the minimum threshold up to
which motor is in safe zone. Some important observations
from experimental results are given below, where the
spectrum aswell as their classification for faulty or not is
given:
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Figure 13 Frequency spectrum of the Phase A stator
current without harmonics and with External Noise
present

3rd order Harmonic
distortion

Figure 14 Stator current_A waveform 3rd order Harmonics
present
Main frequency 60 Hz

Noise

Figure 15 Frequency spectrum of the Phase A stator
current with 3rd order harmonics and with External Noise
present
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As we keep on increasing the amplitude of the harmonics
it will then be visible in its spectrum which indicates the
the rotor is more prone to faulty situation than that will be
automatically detected by the code that is designed to
detect it. Here are attached certain samples frequency
spectrums at different-different amplitude levels given to
its harmonics and there results respectively.

tested on a 5 HP/1750 rpm squirrel-cage induction motor.
Experimental model tests have led to results with a
satisfactory level of accuracy greater than 97%. The result
obtained from the experimental model present a great
degree of reliability, which enables these techniques to be
used as monitoring tool for Rotor faults of motor. The
Neural network also gives the good classification results.
The research work helps in understanding the applications
and limitations of fault detecting techniques.
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