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ABSTRACT

This paper presents a novel approach on motor current signature
analysis (MCSA) for broken Rotor Bar fault and High Contact
Resistance fault using stator current signals as an input from the
three phases of Induction motors. Discrete Wavelet Transform is
preferred over the Fast Fourier Transform (FFT). Fast Fourier
Transform (FFT) converts signals from time domain to frequency
domain on the other hand Discrete Wavelet Transform (DWT)
gives complete three-dimensional information of the signal,
frequency, amplitude, and the time where the frequency
components exist. In wavelet analysis, the signal is converted into
scaled and translated version of mother wavelet, which is very
irregular so cannot be predicted. Hence, mother wavelets are
more appropriate for predicting the local behavior of the signal
including irregularities and spikes. In this research features are
extracted using DWT and then features are trained in Deep NN
sequential model for the purpose of classification of the faults. In
this research, MATLAB software has been used for building the
motor model in Simulink environment and PyCharm software is
used to implement Deep NN for getting accuracy and
classification results. This research helps in early detection of the
faults that assists in prevention from unscheduled downtimes in
industry, economy loss and production loss as well.

Key words: Fault diagnosis; MCSA; DWT; Deep Neural
Network.

1. INTRODUCTION

Reliable operation and working of Induction motors is an
important topic because of their widespread usage in industries,
however, they are like other rotating machines and are open to
many different faults. Since past decades, fault diagnostics and
condition monitoring have been an area of interest for many
researchers and been challenging research topic. Motor failure
will cause unwanted downtime and expenses of repairs [1].
According to IEEE survey report about the electrical and
mechanical faults of Induction motors, it was found that there
appear 42% Bearing faults, 28% Stator faults, 8% faults in the
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rotor, and remaining 22% are other faults [2]. For prevention
from these faults, these faults are detected on early stages [3] and
a strategy for early indication of the occurrence of faults is
investigated in this research. Moreover, many different types of
faults have been studied and investigated in the past including
stator winding faults, bearing faults [4], broken rotor bar faults
[5] and, eccentricity related faults using different algorithms and
methods likewise, ANN for classification purpose and stator
current and rotor speed, FFT, MCSA, Hormonic Spectrum
methods of signals. However, this research is focused on Deep
NN implementation for the classification purpose because in
practice deep learning is obviously very successful at various
prediction tasks.

1.1 The proposed research methodology is shown in the
figure 1 given: First, motor model is designed in MATLAB
Simulink environment, and the faults under study are created for
experimental purpose and data is acquired for both cases,
Healthy and Fault induced cases, and furthermore, features are
extracted using wavelet transform and the features are feed to
deep NN for fault detection and classification purpose.
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Figure 1: Propose Methodology of the Research
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Many fault detection methods have been proposed so far
including motor current signature analysis (MCSA), noise and
vibration monitoring and temperature measurements. Motor
Current Signature Analysis is advantageous over other
diagnosing methods. Other methods require expensive sensors,
on the contrary motor current signature analysis requires cheap
and simple current sensors. In this research, 5.4HP(4KW) -
400V 50Hz, 1430 RPM Induction motor is designed in MATLB
Simulink Environment and High Contact Resistance fault, and
Rotor Bar faults have been induced and are investigated in this
research. Induction motor torque and current are affected when
the fault appears. The torque equation is given, and the current
values are disturbed from normal values as the fault appears in
the system.
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Figure 2: Healthy Motor Model Designed in MATLAB Simulink
Environment.

2. MOTOR CURRENT SIGNATURE ANALYSIS

The current monitoring-based techniques assist in detecting
almost all types of faults including Rotor Bar Faults and High
Contact Resistance Faults. Condition monitoring systems require
process signals generated by machine under operation [6],[7].
The MCSA [8-13] is considered as a simple, reliable, and easier.
For determination of the existence of the fault, the measured
stator current data is analyzed in the frequency domain. When
fault appears, the fault modifies the harmonic content of the
supply current. MCSA detects the harmonic content and provides
potential information and precise analysis based on the detection
of the specific current sideband harmonics by means of the
Discrete Wavelet Transform (DWT). Other fault indicators
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include flux, stator line voltages and electromagnetic torque etc.,
but in this research stator current indicator is investigated.

3. DISCRETE WAVELET TRANSFORM
DWT assists in selecting the subsets of scales (a) and positions (b)
of the mother wavelet ().

H

wla, b) = 229(272 (¢ — ) @)

Choosing scales and positions are based on powers of two,
which are called dyadic scales and positions {a; = 270 bj, k=
27k} j and k are integers here. Equation (4) shows that it is
possible to build a wavelet for any function by dilating a
function ()} with a coefficient 2/ and translating the
resulting function on a grid whose interval is proportional to
2-1. With the help of DWT features are extracted and Deep NN
istrained using these features. The aim of extracting features is
to get relevant information for further processing. DWT
provides series of coefficients, approximation and detail
coefficients, low frequency feature points and high frequency
feature points respectively [14].
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Figure 3: DWT representation for Approximation and Detail
Coefficients.

DWT for the Healthy Motor and Fault induced Motors is shown in the
figures given below. Wavelet ‘db4’ is preferred here and uptill level 5,
the detail coefficients and approximation coefficients are shown in the
figures.

Figure 4: Discrete Wavelet Transform for the Healthy motor uptill
level-5 is shown.
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Figure 5: Discrete Wavelet Transform for the Fault induced motor (HCR

fault) uptill level-5 is shown.
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Figure 6: Discrete Wavelet Transform for the Fault induced motor (Rotor

Bar fault) uptill level-5 is shown.

From the above figures it is concluded that when fault appears in
motors, the variance in coefficients is observed as compared to the

coefficients of the healthy motor.

4. DEEP NEURAL NETWORK

A deep NN is an ANN with multiple hidden layers in between the
inputs and output layers. Neural Network has been successfully
used and is suitable for fault detection [15,16,17,18]. DNNs can
model complex non-linear relationships. Steps to be followed in this

research are:
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Figure 7: Proposed Methodology for the Deep Neural Network.

2258

Moreover, using deep NN multiple faults can be
classified. In this research 24 different motors data is obtained
at different time intervals. In that healthy motor data and fault
induced motor data is combined to get complete dataset. In this
research 14 motors data have been taken for training and
remining motors data has been considered for testing purpose.
Before training the Deep NN, first, data has been converted to
time-sliced representation, and reshaped the
multi-dimensional tabular data so that can be accepted by
Keras. Furthermore, split up the data into training, validation,
and test set. After all, defined the deep NN model in Keras and
validated the performance of DNN against tests data set using
confusion matrix. In this research, 200 dense layers are taken,
and sequential model is trained with softmax activation
function.

5. RESULTS AND DISCUSSION
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Figure 8: Confusion Matrix
precision recall fl-score support
0.0 0.94 1.680 8.97 18774
1.0 0.49 8.11 0.17 14538
2.0 0.59 0.90 8.72 19505
accuracy .72 52817
macro avg 0.67 0.67 0.62 52817
weighted avg 0.69 0.72 8.66 52817
precision recall fl-score support
0.0 1.00 1.00 1.00 10081
1.0 0.57 0.87 0.69 9998
2.0 0.73 0.35 @.48 9996
accuracy 0.74 29995
macro avg .77 0.74 0.72 29995
weighted avg 0.77 0.74 0.72 29995

Figure 9: Precision Model Results.

From the result obtained, it can be found that precision model
is good for predicting Healthy (0.0) and Rotor Bar fault (2.0).
The accuracy obtained for the training data is 72% and the test
data accuracy obtained is 74%, this means that our model can
generalize well for the data that has not been seen yet by the
model. Above results are obtained using PyCharm software.
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6. CONCLUSION

Form the research it is concluded that the DNN model can help
in finding multiple faults classification and if the number
exceeds more than five faults at the same time, the model can
predict well and can provide good results. The DWT has been
implemented to get the features particularly RM features are
obtained at level-9 for this research and are fed as an input to
the Deep Neural Network. Result can be improved by changing
the model and tunning the hyper parameters and by retraining
the algorithm multiple times as the method is based on iterative
approach. However, the work is still carried out to get more
accurate results and research is being done for improving
accuracy so that optimum results are obtained. Different
models like CNN and some other strategies will be followed to
achieve the target.
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