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Fault Detection of Induction Motors Using
Continuous Curvelet Wavelet and Support
Vector Machines
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Abstract : One ofthe fastemerging applications in the electrical field is monitoring and detecting the conditions
of induction motors to avoid criticality, un-expected failure and other faults of the electrical system. It also
helps to main any electrical system integrated with induction motors. This idea can be applied in the bearing
fault detection in a three phase induction motor. In order to analyse vibration a signal processing method is
used while beginning of the system. Here Continuous Curvelet Wavelet Theory (CCWT) is used for frame
vibration and classified using Support Vector Machine (SVM). From the analysis result the condition of the
induction motor is monitored and the entire system is saved. The experiment is carried out and the obtained
results are compared with the existing approach to prove that the proposed approach is better.

Keywords : Induction Motors, Bearing, Fault Detection, Fault Prevention Discrete Wavelet Theory, Support
Vector Machine.

1. INTRODUCTION

Most of the industrial processes use AC induction motors as actuators [1]. Even though induction
motors are reliable, due to various kinds of unexpected stresses faults occurs in induction motors. Faults
in induction motors make an electrical system as a failure. There are various methods and techniques
are used for detecting and preventing faults in induction motors. In most of the industry and daily life
induction motor is used as a key element for the energy consuming device in the system. Research works
presented in [2, 3] were focused on fault detection in induction motors. Using faulty induction motors in
the industry leads low production. Earlier research works focus on detecting single-isolated fault detection
and identification. There are various kinds of faults affects the machines such as: (i) bearing related faults,
(i1). Rotor faults, (iii). Faults inside machine. But at the same time two or more faults can be present in the
machine. Because this, one fault reason may interfere other fault and decision making on detecting faults
individually and this provides a wrong decision making on detecting the condition faults according to the
condition of the motor. The more number of faults are bearing faults only [4-7] and various techniques
were developed and proposed for bearing faults in the last decades. All those techniques focused on
vibration analysis for detecting damages on the surface, inner and outer damages and faults in rolling
elements. Vibration analysis perceives improper lubricants and lubricant starved bearings.

From light to heavy industrial electrical system merely depends on the induction motors where if the
motor fails, then the entire electrical system fails and it is very expensive. So industries need a reliable, fault
diagnosis method for detecting and identifying faults in an electrical system accurately and timely. Also, it
is felt that induction motor is a critical component in various industrial processes. It is difficult to predict
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the time of its failure will lead lot of problems and it is very costly. Hence monitoring the conditions of
electrical system becomes very essential in recent years. Many people used many methodologies directly
or indirectly to find out the electrical or mechanical problems due to induction motors. Finding and
identifying the problems can be analysed by various parameters like vibration, noise, stator phase current,
air gap and flux density. Some of the earlier research works used Neural Networks (NNs) for monitoring
the motor condition of the electrical system. For fault diagnosing on rotating machines, vibration analysis
is suggested as better method in electrical systems [2-4]. Author in [4] said that the vibration analysis is
the most reliable method for diagnosing the entire electrical system. Faults in the electrical system makes
vibration with various characteristics which can be calculated with reference one to do perfect diagnosis
and detecting the faults. Conventional techniques like Fast Fourier Transformation (FFT) methods are not
appropriate one for analysing the signals which have transitory characteristics. From the above discussion,
it is clear that detecting and identifying multiple faults occur in the electrical system is a challenging task
and still it needs a better solution. Identifying the fault condition for more than one fault is too difficult [8].

Existing System

Vibration analysis can be obtained using Wavelet Theory [9-11]. Due to the monitoring of induction
motor is applied in a stipulated interval of time, a time based signal analysis be an efficient approach for
vibration analysis. There are various methods developed directly from wavelet systems nowadays with
the same aim. All the wavelet based approaches used for representing the directional features from the
signal generated in higher dimensions. But no approaches got familiarity like curvelet wavelet transform
method. Hence, in this paper, it is motivated to utilize curvelet wavelet transform method for extracting
signal local information. Some of the famous wavelet transform methods are Steerable wavelets [12-13],
Gabor wavelets [14], wedgelets [15], beamlets [16], bandlets [17, 18], contourlets [19], shearlets [20, 21],
wave atoms [22], platelets [23], surface lets [24] have been proposed to analyze the signal features.

Hargis et al. used vibration analysis to find out the variations of the stator motor which indicates
the mechanical defects [1-6]. Steele et al. said that per-phase current monitoring is utilized to obtain
mechanical defects by monitoring the current. Benefit of current monitoring through per-phase based is,
it is easy to measure and recognizing the fault pattern is same and estimating the number of variations in
the signal can be obtained easily [7-12]. Stephan et al. [13] used air-gap searching methods to detect and
calculate both the peripheral and radial component of the leakage flux. Another method used to detect
rotor short circuits and other malfunction is through an axial flux sensing method. [14].

Various numbers of applications used DWT for detecting faults in power systems, power electronics,
electrical systems and mechanical systems. Some of the applications used DWT for detecting fault in
induction motors [12, 14-20]. DWT decompose the wave signal into decomposed coefficients. But the
number of coefficients is lesser than CWT, since CWT can provide more redundant coefficients to do a lot
of signal processing activities like compression, decompression and other reconstruction [11] methods.
Comparing with DWT, CWT can provide more efficient in the granularity manner for extracting detailed
information about a signal. CWT is used for motor fault detection in terms of multi-class faults [10, 13].

Hence this paper motivated utilizes DWT for vibration analysis. Continuous wavelet transforms used
for getting local information of the data. But DWT [25-26] uses orthogonal wavelet information and it is
used mainly used for image compression. Than CWT and DWT, Continuous Curvelet Wavelet Transform
obtains curvature based local information of the signal data. Also, it provides more redundant data where it
gives more information for detecting and identifying different types of faults. CCWT is easier to interpret
and implement to extract the signal information. There are some advantages using CCWT analysis like
readability, lossless information extraction and distinct feature extraction.

The more redundant dictionaryy can be provided in CCWT where it helps to obtain the sparse
representation of the signals having edges along the regular curve. From the beginning stages CCWT the
curvelet construction is redesigned and re-introduced as FDCT (Fast Digital Curvelet Transform). After
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some time the curvelet transform is less redundant comparing with first generation, then it is defined as
the continuous and digital domain for higher dimension signals. Due to this reason, in this paper the signal
analysis is obtained by Continuous Curvelet Wavelet Transform (CCWT) method. The types of faults can
be obtained using vibration monitoring is shown in Figure-1.
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Figure 1: Various Types of Faults

Vibration Monitoring

Noise and vibration are generated from all kinds of electrical motors. The information about the Motor
condition can be fetched by analysing the produced noise and vibration. The level of noise is increased
proportionally due to the increased vibration of the machine. The forces applied to the electrical system
such as mechanical, magnetic and aerodynamic cause’s noise and vibration. Motor Current Signature
Analysis (MCSA) is used as a best approach for analysing stationary signals not for non-stationary signals.
Amplitude, Frequency, Phase and modulation are the four properties of vibration to be understood in a
better manner for resolving the problems occur in the electrical system. The severity level of the motor
condition can be gotten by amplitude, the repeated rate of source contributions is measured by frequency,
time interval between two signals can be measured by phase and the process helps to response amplitude at
a frequency 1s measured by modulation. From this information it is able to get the asymmetric information
of'amotor [4]. MCSA and vibration analysis are easier methods for finding the fault in an electrical system.
Hence, in this paper vibration analysis is used to detect the motor fault, whereas vibration information is
obtained from the signal using CCWT.

Vibration Analysis Approach for bearing fault

In this paper CCWT based vibration analysis is applied to detect faults in terms of frequencies. The
analyzation on the signal is carried out by obtaining some parameters such as kurtosis, root square mean
and crest factor with some more statistical parameters. The vibration is affected by the motor faulty
whereas the vibration is affected by motor current signature pattern. Initially the motor is experimented
and run it in normal condition and attain the vibration signal. Similarly attain the vibration signal in faulty
condition. Now extract the features using CCWT from the signal and compare it with the normal and fault
condition for classification using multi class SVM.

Fault Classification of Induction Motor Using Wavelet Transform

In order to simulate the proposed approach in an effective manner, 1-HP induction motor with 16 channel
DAT recorder and a piezoelectric accelerometer is used in the MATLAB environment. The data files used
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in the simulation are stored in the form of *.mat format. The type of the induction motor is a single row,
deep groove ball bearing type 6203-Z whereas each bearing consists of eight balls. Only four bearings
are used in the experiment. Two bearings are taken as damaged and two is taken as un-damaged. By
remembering air gap eccentricity will produce anomalies and it can be obtained by bearing vibration in
the stator current. The healthy and faulty conditions of the motors are identified from the vertical frame
of the vibration at 5120 Hz sampling frequency rate and the supply frequency is assigned as 50 Hz. Here
there are six types of faults are considered with single motor such as fault occur in bearing, fault occur in
the stator, fault in terms of voltage unbalanced and fault in terms of current unbalanced.

Continuous Curvelet Wavelet Transform

One of most important and effective mathematical signal processing tool is a wavelet transform because it
can analyse the signals especially in transient ones. The wavelet is divided using widowing functions and
translate into mother wavelets. The wavelet can provide multi-scale based analysis on a signal, using this
it can extract the time dependent frequency features from an input signal effectively. It can be done by FFT
also, but it lost the transient data. Localizing a waveform in the format of wavelets is called as wavelet
transformations where it has different tasks such as translation and dilation in terms of time and scale. The
continuous wavelet transform of a signal data X(t) is represented in the form of mother wavelet is:

. 1 L [t-b
W(a,b) - J:oox(t) |a|(P |: a }dt

From the above equation, it is known that there are two variable a and b, the scale and location
parameters are available, and they are the components. From the following equations such as fault
frequency and current spectrum,

The vibration frequency fbng is considered as fault frequencies are written as:

d

N xo d——cos

bng b inner D
And the current spectrum is represented as: 2

f. = If,xmx fbng|
Where
N, is the number of balls, . is shaft speed and running speed, d is the ball diameter and D is the
pitch diameter and oc angel of bearing (it is a constant) and m is an integer, m = 1, 2, 3, .... the wavelet is

represented as:
Weo - [ xat0

Continuous wavelet transforms used for getting local information of the data. But DWT [28, 29]
uses orthogonal wavelet information and it is used mainly used for image compression. Than CWT and
DWT, Continuous Curvelet Wavelet Transform obtains curvature based local information of the signal
data. Also, it provides more redundant data where it gives more information for detecting and identifying
different types of faults. CWT is one of the most important methodologies which can interpret easily. The
interpreted data from CWT is readable because of its easy interpretation without loss signal information.
CCWT is developed in [11, 12] as a second generation curvelet system. The very important steps of

CCWT used to obtain the complete curvelet data R” . It is represented as X = (X,, X,)" is the spatial variable,

with € = (§,, £))"is the frequency domain. Also r =+ & +&,o=arctan 2—1 are the polar coordinates

2
in the frequency domain. In this paper CCWT is taken from [11, 12], which uses the second generation
of curvelet system. In this paper CCWT is used to obtain the features within a continuous signal data.
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Initially, window function is used to construct the curvelet functions to learn the conditions of the data. To
do curvelet construction a Mayer window function [21] is used, that is

1 it)< L
3
V() = cos[gv(3|t|—l)} 1/3<|t]<2/3
0 else
T 2/3<r<5/6
cos| —V(5—6r)
2 5/6<r<4/3
W) =

cos[gv(&‘ 4} 4/3<r<5/3

0 else

Where Vv is the smooth function and it should satisfy the following constraint as:

0 XSOv(x)+v(1 X)=1,xeR
= — =1, (=
V= xel
In simple case X should be 0 or 1.

Using, v, W and V are converted into smoother functions. To do these two polynomial equations may
be used as

V(X) = 3x*-2x’in[0,1],>Visin C'(R) orin C* (R).

Because of curvelet elements are taken as inverse Fourier transform of a suitable product of W and V.
To fetch the smoothness of V and W the curvelet elements is taken from the time domain. If the window
functions V(t) and W(R) should satisfy the following conditions then it will take as system curvelet
functions.

> Vit-1) = LteR
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For V(t), it is observed that V < [-1,1] and the time t € R for the above conditions and t €[1/3,2/3]
for find with the substitution values. Then the continuous complex valued waveform is constructed with
the help of the above described windows V(t) and W(r) with three different parameters are the scaling
value a € (0,1], the location value b € R?, and the orientation value 0 € [0, 27). The fault is monitored

by the vibration, to detect the fault frequency. The Entire functionality of the proposed approach is shown
in Figure-2.



678 Senthil Kumar. R, D. Somasundareswari and S. Ramesh

Induction N Data N Signal Processing
Motor Acquisition using CWT

Fault discrimination
and detection using (€
machine learning

Statistical Feature
Extraction

Figure 2: The Semantic Representation of the Proposed Approach

Initially various levels of noises are applied to the waveform to verify the influence of noise while
feature extraction in CWT. Here various loading capacities are applied in the experiment from no-load
to full-load on the belt drive system. The investigation started from constant load applied on the belt and
torque is changed from 0.56 N-m to 1.13 N-m. Load is adjusted by rotating a ring from Oth position to 5th
position where 0 indicates no-load and 5 indicates the full-load. Now the recorded data is decomposed
using CWT as well as DWT. In this study the recorded data is decomposed sing CWT and get four mother
wavelets get from ‘Daubechies’ family for feature extraction.

2. EXPERIMENT AND RESULTS

The stator and rotor variation of the healthy and the faulty motors at the time starting were collected by
simulation results at the input sampling frequency range 8000 HZ and supply frequency 50 HZ. The
experimental results were derived out under different load variation conditions such as stator current
and rotor current variation, flux variation, uneven field current. The results are analyzed from following
simulation results. The estimated data were decayed using SVM based CWT system. This output is
implemented in MATLAB 6.5 environment. The CWT coefficients consequently gained were estimated
and evaluated by the help of SVM/ANN as fault results.

The vibration analysis needs a narrow bandwidth for obtaining good frequency resolution. All the
frequencies and wavelets are associated with a bandwidth f, and a center frequency f_within a stipulated
period. In this study ‘db5’ and ‘db8’ mother wavelets are selected from ‘daubechies’ wavelet family based
on their high period. Table-1 shows the mother wavelet, center frequency, and period. In order to compare
multiple data analysis db3 and db6 with low period, high center-frequency values are taken. Similarly to
improve the frequency resolution mother wavelets are selected.

Table 1
Properties of different mother wavelet used
Mother Wavelet Period Center Frequency Number of Varnishing
moments
db3 1.15 0.7 3
db5 1.8 0.65 4
db6 1.25 0.73 5
db8 1.10 0.67 7

In this research wavelet transform used as a continuous wavelet transform (CWT). Figure-3 shows the
measured output waveform for testing input and wavelet based output. The output samples are changed
from —6.5 to 8 samples per second. The CWT operations are implemented in MATLAB 2011a simulator.
Coefficients of CWT derived by analyzed SVM classifier. Training and testing data signals were formed
for analyzing motor faults at different loading conditions. Up to 100 data samples were taken under various
motor operating conditions and various vector positions. 50 of the samples used as a training classifier
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from healthy and faulty motor operating condition. Remaining 50 samples used as a testing sample. Each
of the testing and training samples decomposed using CWT. A wavelet scale range of (1-8.5) was also in
use to study the effect of scale. There are two types of data samples used to calculating root mean square
(RMS) and signal to noise ratio (SNR), which is evaluated from the wavelet coefficients under multiple
loading condition.
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Figure 3: (a) Training data signal (b) Wavelet based output.

As shown in Figure-4, the wavelet model includes two SVM classifiers this are used to identify the
three types of electrical faults: voltage variation, current variation, flux variation. Training samples of
this SVM fault is trained to divide the normal state to fault state. When the input of SVM classifiers is
represented as a normal state, output of SVM classifier set as 1. Otherwise input of SVM classifier are
representing as a fault state, output of SVM classifier set as -1. From figure-4 the flux variation occurred
from 0 to 0.5 at the time of 0.35ns to 0.6ns. Furthermore load current is also being changed from 4 amps
to 10amps.
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Figure 4: Illustration of fault identification and correction for stator flux, load current, load voltage
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Figure 5: lllustration of constant load current after finishing wavelet function

Figure-5 shows the results of load current after finishing wavelet function and figure-6 shows the
result of mechanical fault from the variation of electrical fault. The mechanical fault is divided by two:
Torque is part of the basic measurement of induction motor. The output power of the motor is expressed as
torque and it’s multiplied by its rotational speed of the motor angle. Fault less motor produce the functional
torque just over a limited range of rotational speeds. From the figure-5 Torque changes form 4 rpm to
12 rpm (usually from around 1000 to 3000rpm for three phase induction motor). The torque variation
range can be calculated with a dynamometer, and shown as a torque curve. Proposed method compared
with different existing methods which are shown in Table-1 under dissimilar operating conditions. The
induction motor speed is calculated by analysis of rise time, speed overshoot, speed undershoot, settling
time and steady state error, Flux variation, current variation, Torque variation.
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Figure 6: Illustration of motor torque and speed
Table 2
Performance Comparison
Rise Steady State .
Methods to be Time Overshoot E Y 4 Settling Flux current Torque(1000 to
used (%) rror (rad/ | 4. (sec) [ variation variation 3000rpm)
(msec) sec)
PI Controller 115 3.5 3.6 0.73 0.5-0.7 7-11 50-60
PID Controller 106 2.6 2.7 0.65 0.3-0.4 3-9 30-40
Fuzzy logic
94 2.2 0.7 0.23 0.09-0.15 6-11 7-20
Controller
Wavelet based
proposed 66 1.7 0.5 0.043 0.05-0.1 4-10 4-12
controller

There are 900 datasets are taken for experiment which has mixture of faulty and healthy motor
information. 0, 1, 2, 3, and 4 are the break positions are taken to represent various loading conditions. In
this paper the entire extracted feature is classified using SVM method, where SVM classifies the entire
data into two different categories such as healthy or faulty.

Table 3

SVM Based Attribute Selection

. . - Motor
Mother Scale Frequency Number of Testing Noise Training L SVM
wavelet . X ) Condition
Range Range Attributes Time dB% Time . Result
Type Existing
db3 8-13 35-105 18 0.50 97 0.10 Normal Normal
db5 8-11 25-90 20 0.60 9 0.10 Fault Fault
db6 8-13 28-100 15 0.80 97 0.10 Fault Fault
db8 8-11 27-90 15 0.90 97 0.10 Normal Normal
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The classification of fault is obtained using CCWT with SVM are shown in Table-2. The accuracy of
classification obtained from SVM is already compared with MLP and RBF and proved it is better approach
for fault classification. From the table it is known that the performance of db8 is good due to is improved
frequency resolution. For 8 attributes the SVM classified the dataset even though it has more noise in the
data accurately than the existing approaches and obtained the accuracy of 98%. Hence this paper provides
better solution for detecting and identifying the induction motor fault in an electrical system.

3. CONCLUSION

In this proposed technology SVM classifier based wavelet controller is proposed to control the induction
motor fault. The proposed method compared with the existing methods; MLP, RBF, PI, PID controller
and fuzzy logic controller under various operating condition and load variation. The suitable data was
collected in this operating conditions including, constant operating condition, stator and rotor speed
variation, magnetic torque, field current. It is exposed that using time domain features not only leads to
lower computational load however also results in more accurate fault analysis. Furthermore compared
with different existing methods, the proposed method is simple, accurate, reliable and economical. In the
result, using time domain features is recommended to detect the stator and rotor winding faults.
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