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ABSTRACT

Several studies have been conducted in recent decades
on the detection of bearing faults to develop methods
for real-time monitoring. Faults are found in almost
all electromechanical systems and the major cause of
damage to machinery, resulting in serious accidents to
humans and material environments. While methods
such as MCSA (Motor Current Signature Analysis) and
PCA (Principal Component Analysis) have been widely
used for obtaining and analyzing the machine’s stator
current and reducing its dimensions and noise, they do
not allow for easier detection and parameter estimation
when a defect appears, and sometimes help from an
expert is needed to explain the signals. In this paper,
the use of ANN-GA (Artificial Neural Networks-Genetic
Algorithm) is investigated in combination with the best
variant of the ESPRIT (Estimation of Signal Parameters
via Rotational Invariant Techniques) method applied on
stator current signals for efficient real-time bearing fault
detection, to avoid any help being required from experts.
MATLAB simulations of these variants revealed that the
TLS variant highly discriminates the fault. By using
this variant to prepare the data in the search of the
best ANN model, in combination with genetic algorithms
(used for optimizing the search of ANN parameters), two
architectures capable of discriminating this bearing fault
in real time in time and frequency domain were obtained.

Keywords: Bearing Fault, Automatic Monitoring, Classi-
fication, Genetic Algorithm, Artificial Neural Networks,
ESPRIT

1. INTRODUCTION

In this study, the combination and application of
MCSA are used with classical high-resolution signal pro-
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cessing (HRM) methods and artificial intelligence algo-

rithms to diagnose electromechanical faults in electrical

induction machines. In the past, combinations of MCSA,

PCA, and other signal processing methods have also

been used to accomplish the same task. These methods

include FFT [1] (Fast Fourier Transform), STFT (Short

Time Fourier Transform), and PCA [2,3]. However,

although these algorithms have been able to address

this issue in their own way, it should be noted that
bearing fault detection, the most common in electrical
induction machines, has always given rise to a variety
of topics, [4-15] to solve the problem of monitoring
these bearings. It should be noted that they all have
limitations. Furthermore, MCSA, which is based on
spectral analysis, has been widely used in the detection
and diagnosis of faults in electric induction machines.

It has delivered satisfactory results in a wide range

of industrial applications. However, because of the

following practical limitations, this technique can lead to
incorrect diagnostic conclusions:

o The variation in load conditions during the sampling
period; the harmonics of a slip dependent fault vary
with speed. As a result, fault identification becomes
more difficult, and diagnostic accuracy suffers.

¢ Mechanical vibration frequencies are mixed up. The
reduction in speed of certain devices, such as the
gearbox, or the effect of the oscillating load, can
generate similar side frequencies to those caused by
actual faults.

All these disadvantages have necessitated the de-
velopment and integration of new diagnostic methods
based on advanced artificial intelligence tools. This
has prompted researchers to gradually migrate to more
appropriate solutions, leading to the selection of this
association, which, in addition to being independent of
the system under study, provides an intelligent, accurate,
and adaptable diagnosis as the machine operates.

Thus, the desire is to develop systems or procedures to
detect these failures from the start, particularly at their
inception. Several methods, including the ANN, have
been evidenced. The only problem with this approach
is that the parameterization of the final model can be
greedy in terms of the number of layers used and the
time required to train this artificial neural network. The
genetic algorithm is used to improve this task. It enables
the rapid development of highly effective solutions to this
problem. The main advantage of this algorithm is that it
does not require starting examples to learn, or a basis to
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learn.

As a result, using vibratory, ultrasonic, or thermal
methods to acquire signals from the monitored machine,
which uses contact sensors or, in some cases, human
presence, is no longer necessary. The noise generated by
these sensors in the event of a bad fixation must be con-
sidered since this can result in several false positives. The
MCSA (Machine Current Signature Analysis) method is
used in this study.

2. PROBLEM FORMULATION

The rolling defect, MCSA method, and the ESPRIT
algorithm are discussed in this study and along with the
reasons for choosing these two techniques over others.

The artificial neural networks and their relationship
with genetic algorithms are then discussed. Before
concluding with the perspectives, the results obtained are
presented and the ANN-GA association on the training
data prepared with the ESPRIT-TLS in the fourth section.

2.1 Bearing Fault Modeling and Detection

According to the literature, the most common causes
of failure in rotating machines are spalling, fatigue,
lubricant contamination or deficiency, excessive load, or
electrical causes such as inverter-induced current flow
leakage [16]. Bearing faults cause a variety of effects
in rotating machines, ranging from increased vibration
and noise level variations (oscillations) in the machine
load torque (resulting in rotor stall) to eccentricity faults,
which are a major cause of internal magnetic flux
variation and produce harmonics in the stator current
[17,18]. Fig. 1 depicts a bearing and the faults it can
cause, namely inner ring damage, outer ring damage, and
cage fault. The bearing fault is denoted by the following
formula:

Fong = o kS| (1)
where k =1,..., N, and
04f.
fio= ()
0.6f,

where f, is the rotor frequency, f;, is any inner or
outer frequency; it depends on the dimensions and
characteristics of vibration of the bearings, f is the
power supply frequency, and k represents an integer
which conditions the harmonics of the fault in the stator
signal.

2.2 MCSA Approach

Some earlier methods like measurement by vibration,
ultrason, and thermal were used to obtain the signal
from the induction machines, although in the last decade
MCSA has been largely used. This is because it provides
an easy way to obtain the stator current from these
machines by avoiding any physical contact with them,

(a) (b)

Fig. 1: (a) Ball fault, (b) inner ring damage, (c) outer ring
damage, and (d) cage fault.

while other techniques do not. Motor current signa-
ture analysis (MCSA) is a rotating machine condition
monitoring technique used to diagnose problems in
induction machines [19,20]. The concept originated in
the early 1970s and was first proposed for use in nuclear
power plants for inaccessible motors located in hostile
or hazardous areas [21]. However, over time, it quickly
gained popularity in the industry, especially for the
monitoring of rotating machinery.

2.2.1 Modeling of the stator current in the asyn-
chronous machine

The use of the stator current for monitoring rotating
machines is useful for three main reasons: as a first step,
it can be used to diagnose electrical and mechanical faults
such as phase imbalance, short circuit in stator windings,
bearing failure, bent shaft, broken bar, etc. Secondly, the
stator current is very easy to access because it is directly
measurable and used to control the machine itself, and
thirdly, it can be modeled mathematically. Therefore,
if we know the characteristics of the fault, it is easy
to model the stator current of the machine operating
in generator mode without forgetting. However, this
analytical model of the signal must accurately describe
the behavior and evolution of the real stator current.

To study the detection of the previously mentioned
faults, the stator current of the asynchronous machine
is designated by the discrete signal x. This is obtained
by sampling the direct current x(¢) with a step equal to
T, = 1/F,. This discrete stator current x[n] of the electric
induction machine in the presence of mechanical and/or
electrical failures is expressed as follows [22]:

L

x[n] = Z a,, cos (277,’fk (w(n)) x Fik + q‘)k> + b[n]

k=—L

©)
where x[n] corresponds to a single sample of the stator
current. b[n] is a sample of Gaussian noise. The
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Fig. 2: Fault detection procedure with an HRM.

parameter L is the number of side frequencies introduced
by malfunctions. The quantities f (w(n)), a;, and @, cor-
respond to frequency, amplitude, and phase respectively.
w(n) is a parameter to be estimated at each instant of
order n, depending on the studied fault.

The representation of this signal in the time domain
is not sufficient to properly diagnose the states of the
machine at a given instant. It is for this reason that
the four methods presented earlier are combined for the
total exploitation of all the information contained in this
composite signal.

2.3 ESPRIT Method and Its Variants

Among all the signal processing techniques used to
analyze the stator signal, ESPRIT has gained major
applicability compared to other techniques [1]. This is
because it allows the best estimation, with flexibility
and the ability to understand the signal composition.
In contrast to EMD, VMD, or HHT, it does not require
pre-treatment of the signal to do its work.

ESPRIT is an estimating method for signal parameters
using the rotational invariance technique. This algorithm
detects the spectral components (harmonics) contained
in a signal with very high accuracy in frequency and
amplitude estimation, independent of the observation
window size used. It is an appropriate approach for
obtaining reliable spectral estimation results without
synchronization effects [22,23]. It is based on shift
invariance. It exists naturally between the discrete-time
series leading to rotational invariance and the corre-
sponding signal subspaces.

In this case, the eigenvectors U of the signal autocor-
relation matrix define two subspaces (signal and noise)
using two selection matrices y; and y,.

Si=nlU, S=nU 4)

The rotational invariance between the two subspaces
leads to the following equation:

S =05, (5)

where

T s
SO
e/27h 0 0
0 2% L. 0
= . . (6)

0 0 el2mIN

The matrix @ contains all the information on the
N frequency components. The estimated matrices .5
and S, may contain errors [10]. The determination of
this matrix allows the estimates of the frequency to be
obtained, as defined by the following formula:

s = Are (@) )

2n
where k =1,2,...,N.

The application of all these methods makes it possible
to carry out a comparison between their performances.
They are used in the detection of faults that may occur in
an electric induction machine.

In this study, six variants of the ESPRIT algorithm
along with their roots are used to estimate the frequen-
cies and amplitudes contained in the stator current signal
of the machine. Other than the ESPRIT-TLS variant
which takes as its argument a third parameter, namely
the window length, these variants take two essential pa-
rameters: the signal vector and the harmonics number or
the estimation mode based on the model order selection
(MOS). These variants are: ESPRIT-TLS, ESPRIT-ITCMP,
ESPRIT-SVDSSA, ESPRIT-IRLBA, ESPRIT-SVD, ESPRIT-
ECON. The procedure for estimating the frequencies and
amplitudes of faults by these variants is given in Fig. 2.

In terms of TLS, ESPRIT-TLS is a variant of the ESPRIT
method, employing TLS to estimate the parameters of
a composite signal. In other words, with this property,
it can extract the various frequencies and amplitudes
contained in the signal. The Total Least Squares (TLS)
method is an error compensation technique. It was first
used to solve TLS problems [13] through singular value
decomposition (SVD). TLS can be solved using both direct
and iterative methods. The SVD is computed directly
using direct methods. It accepts three parameters as
input:

X: the signal vector.
p: the number of characteristic harmonics of the
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signal. It is determined by the MOS.

p:round<2XN>

where N is the number of samples.
M:: length of the observation window.

It works as follows:
o calculation of the augmented data matrix,
o calculation of the SVD of the augmented matrix,
« set up the signal subspace,
« split this subspace into two subspaces,
o calculate the rotation between these two subspaces,
o calculate the rotation for the original data,
« estimate the frequencies,
o calculate the complex amplitudes,
« estimate the amplitudes,
o return the estimated frequencies and amplitudes.

3. ARTIFICIAL NEURAL NETWORKS AND GENETIC
ALGORITHM

3.1 Artificial Neural Networks

Even though humans can be useful in some situations,
they may not be in others because they are tired, sleeping,
or eating. This is true, for example, of tasks requiring
greater concentration and dexterity. A single moment of
distraction can destroy an entire arsenal. This is where
ANNs come into play since their only failure mode is a
power outage. These algorithms, when properly trained,
are capable of great feats and tasks such as surveillance,
decision-making, and others. For this reason, they are
used to automate the monitoring system for induction
machines, which can suffer damage at any time.

Artificial neural networks based on the functioning of
the human brain are developed in the form of parallel
distributed network models [24]. These networks are
composed of input layers, hidden layers, and output
layers. In each layer, numbers of variable neurons are
conditioned by weight, bias, and an activation function,
and it should be noted that the number of neurons at
the level of the hidden layers play an important role in
the final nature of the model thus formed. With this
configuration, like the human brain, they learn to solve
problems like detection and classification by avoiding
any intervention from experts. Today, there are several
types of networks depending on the need. This study is
interested in the multi-layer perceptions. Fig. 3 shows an
example of ANN.

The principle is that they take data as input and build
an image or trace the analyzed data by successively
passing it through the levels of layers, which condition
the output.

Considering the input vectors

X = [xl,xZ,"‘,xn]T (9)

where x; are the rows or columns of features used to train
or research the architecture of ANN needed, by using the

Input

hidden layer

output layer

Fig. 3: Example of a multi-layer perceptron.

activation function f, the input vectors are transformed
to an intermediate vector of the hidden variables U.

The hidden layer j-th neurons’ output U; is obtained
as follows:

H H

I

Il
—_

where bJH and VV17 represent the bias and weight be-
tween the j-th neuron of the hidden layer (or next hidden
layer) and the i-th neuron of the input layer, respectively
(or next hidden layer). The hidden connection between
the neurons of the input (or intermediate layer)/hidden
layers is represented by the upper index H.

The output vectors that are desired

Y = [yn’yn—l""’yO]T (11)

of the network are obtained from the vector of interme-
diate variables U,y by an activation function fout of the
output layer. For example, the output of the neuron is
expressed as follows:

M
H H
Vi = four ZVV],k XUl,k +bk

i=l

(12)

where the sub-index out denotes the (last) connection
between the neurons of the hidden/output layers. There
are several activation functions, f;y and f,,, such as
the sigmoid function, the hyperbolic tangent, the linear
function, and the softmax function given by Egs. (13) to
(16), respectively:
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Fig. 4: Principle of the genetic algorithm.

Fig. 5: Association of the ANN and GA. (2) starts with 10
ANN individuals, on which the genetic algorithm in (1) is
applied by intervening the data, leaving five architectures
capable of identifying the defect in (3). Then, in (4), these
five pass in the GA, resulting in a new population in (5).
The cycle then repeats itself until the desired generation is
reached.

f0) =770 (13)
—2v

f @ i+:—20 (a4

fw=v (15)

fw=-2 (16)

3.2 Genetic Algorithms

It is possible to obtain ANN alone by changing its
parameter architectures to help to solve a classification
problem. However, sometimes, it is very difficult to make
a perfect model by tuning the parameters one by one or
all at once, and even if this is possible, it would take a
long time to give an optimized model. Therefore, another
method is required. That is why in the last decades the
power optimization algorithm has been used to achieve
this, among them the genetic algorithm.

The goal of using a genetic algorithm in this study is
to find an optimal architecture giving good precision in
the classification of the machine state with faster fault

Table 1: Simulation parameters.

Parameters ‘ Values

Rotor frequency (f,) 29.01Hz

Power supply frequency (f;)) 50Hz

Indoor/outdoor frequency (f;,), depending

on the dimensions and characteristics 139.248 Hz

of the vibration in the bearings

Number of balls in a bearing (1) 12

Sampling frequency (F,) 1000 Hz

Conditions the harmonics of the fault in .

the stator signal (k)

Signal to noise ratio (SNR) [0-102] dB

Amplitude of the stator (ag) 10A

Processor Intel Pentium® CPU
B950 @ 2.1 GHz X 2

detection or even in real time [25]. The necessary steps
to achieve its employability are illustrated in Fig. 4:

o the chromosome code which consists of finding the
nature of the genes that will form the individuals of
the process;

o the generation of the population which gives it the
means to make the first choice of a set of starting
individuals;

« the evolution which consists of the creation of new in-
dividuals by the operations of mutation and crossing.

3.3 ANN and GA Association

This section explains how the ANN and GA are
combined to achieve the study goal. So, for a given
number of hidden layers, the proposed algorithm be-
gins with ten randomly generated individuals. Each
individual is assessed. If the accuracy for any indi-
vidual in the population is greater than or equal to a
given maximum, the maximum is updated and saved.
Simultaneously, each individual and its accuracy are
saved. After evaluating these ten individuals, we take
the best five from the backup and mutate and crossbreed
them by returning a candidate population to the second
generation. This process is repeated until the tenth
generation, at which point the number of hidden layers
is changed and the process restarted from the beginning.
After evaluating the number of intervals in the hidden
layers, four architectures emerge as the best, according to
the algorithm. A diagram of such an association is shown
in Fig. 5.

4. PROBLEM SOLUTION

This section presents the results obtained by applying
the above-mentioned algorithms on the stator current
signal modeled in Eq. (3). Table 1 gives the simulation
parameters.
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Fig. 8: Memory size of the six algorithms.

4.1 Simulation Results for the ESPRIT Variants

In the first part of the simulation, identifying the
best ESPRIT variant facilitates better discrimination of
the bearing’s fault characteristics. ~Accordingly, the
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Fig. 9: Average NMSE on the amplitudes of the six
algorithms.
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Fig. 10: NMSE on ay, for the six algorithms.

performance of each variant is compared in terms of
estimation, memory size, and execution time. In this
simulation, only the frequencies characterizing a bearing
fault are considered, namely: f, = 50Hz, f| = 89.248 Hz,
and f, = 189.248 Hz with the respective amplitudes: a,
=10A, a; = 0.2A, and a, = 0.07 A. The obtained results
are shown in Fig. 6 which gives the time elapsed by each
algorithm to detect the fault under SNR variation.

Figs. 7 and 8 illustrate the execution time and
memory size occupied by the six algorithms to detect
the harmonics and amplitudes characterizing a fault,
based on the convergence curves. From the amplitude
estimation in Figs. 9 and 10, it can be deduced that the
ESPRIT-TLS variant is more efficient because it allows
better parameter estimation. However, it is a little more
expensive in terms of time than ESPRIT-IRLBA.

Moreover, the convergence of the studied algorithms
for the fault amplitude estimation, depending on the vari-
ation in SNR values between 30 and 50 dB, is illustrated
in Figs. 9 and 10.
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Table 2: Results of the best architectures in the time domain
according to the training data steps.

Train | Accuracy | Other | Accuracy | Time | Memory

step (dB) (%) steps (%) (s) (kB)
2 88.5 0.8011 148

1 72.5 3 84.6 0.7971 148

4 86.5 1.8338 188

1 72.54 3.6455 214

2 88.46 3 84.61 1.7424 148

4 86.53 1.6116 148

1 66.66 4.8352 214

3 94.23 2 57.69 0.3613 148

4 78.84 5.7682 148

1 73.52 5.5778 214

4 82.69 2 73.07 0.3352 148

3 82.69 0.3463 148

4.2 Results of ANN-GA Association

Once the variant that best estimates the amplitude
and frequency parameters of a fault has been identified,
all that remains is to prepare the training data in the
form of two classes: healthy and defective. In addition,
under the operating conditions of a rotating machine,
the surrounding noise can vary and influence the stator
current signal from one instant to another. In this study,
it is modeled as a series of SNR step values taken in
the interval [1,4] dB. Two datasets are used to prepare
data for healthy and defective signals. The first contains
the stator current signals represented in time, while the
second contains a transformation of these signals in the
frequency domain by application of the high-resolution
ESPRIT-TLS method.

4.2.1 Preparation of the dataset

In the time domain, the dataset is only the signal
of the stator current. It is used by extracting the
amplitudes of the harmonics as inputs of the different
ANN architectures modeled by GA to research the best
architecture.

In the frequency domain, as well as amplitudes, the
values of harmonics are added. This is why in the
architecture in the frequency domain the input size
increases to six.

4.2.2 Results

The results obtained respectively in the time and
frequency domains are detailed in Tables 2 and 3. In this
approach, for each learning step, whether in the time or
frequency domain, a better neural architecture is sought
using the genetic algorithm for the initial candidate
parameters, i.e., the number of layers (varying between
1 and 4), the number of neurons in each layer (ranging
from 1 to 10), and the activation functions in the layers
(logsig, tansig, hardlim function) for the hidden
layers and (softmax, tansig) for the output layer. The

Hidden 1 Hidden 2 Output
o Eﬂmﬁg@ﬁ H%@E
3 {
1 3 2

Fig. 11: Best architecture in the time domain.
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Fig. 12: Training with steps of 1dB.

application of the genetic algorithm for the optimization
and training of the ANN by the stator current signal
dataset yielded single hidden layer architectures using
the tansig and the softmax functions in the output
layer with the two neurons in the frequency domain
and two hidden layers in the time domain having the
same functions in both the hidden and output layers.
The architectures obtained are tested on the prepared
data formed according to the variation of the SNR ratio
with increasing steps. This is to generalize the different
architectures in the event of a sudden change in the
SNR ratio. The training function used for the ANN
is trainbr from MATLAB toolbox, with mse (mean
squared normalized error) used as the performance
function.

4.2.3 In the temporal domain

For the four learning steps (1, 2, 3, and 4), the respec-
tive numbers of neurons in the two hidden layers are:
(5,6), (1,3), (1, 10), and (2, 7).

Table 2 presents all the best architecture in the time
domain for each data step and their generalization on the
other steps.

Finally, in the temporal domain, the best model
retained is an architecture with two hidden layers, the
first of which has a single neuron and the second
three neurons. The activation functions are respectively
tansig and tansig. As for the output layer with two
neurons, the activation function retained by the genetic
algorithm is sof tmax. This final architecture is presented
in Fig. 11.



Confusion Matrix

2 21 1 95.5%
40.4% 1.9% 45%

0

n

i}

(v}

-2 5 25 83.3°

3 9.6% 48.1% 16.7%

£

3

=]

B8.5%

19.2% 3.8% 11.5%

~ +
Target Class
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Fig. 14: Test on data with steps of 3 dB.

The confusion matrices for the 1 dB training step data
as well as the other steps to assess its generalist are
shown in Fig. 12. This confusion matrix translates the
results of the best architecture on the training dataset. In
this dataset, 51 represent the fault (machine with bearing
fault) and the healthy machine (machine without bearing
fault). Therefore, of the 102 datasets, in reality, 35 are
healthy and 12 faulty but the matrix classifies them as
healthy while 39 are really faulty and 16 wrongly healthy.
So, the number in the green square represents the correct
classification of that class and the number in the red
square represents the wrong classification of that class
and explains the percentages.

After this training step, the architecture is fed with the
other data steps to see its generalization on them (how it
classifies them). The other steps are 2, 3, and 4dB, and
the number of datasets 52 (26 healthy and 26 faulty).

Applying the same analogy with steps of 2 dB, on these
52 datasets, the last architecture above classified correctly
21 healthy and wrongly one healthy, 25 correctly faulty,
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Fig. 15: Test on data with steps of 4 dB.

and five wrongly faulty as shown in Fig. 13.

Applying the same analogy with steps of 3 dB, on these
52 datasets, the last architecture above classified correctly
23 healthy, wrongly five healthy, 21 correctly faulty, and
three wrongly faulty as shown in Fig. 14.

Applying the same analogy here with steps of 4 dB, on
these 52 datasets, the last architecture above classified
correctly 23 healthy and wrongly four healthy, 22
correctly faulty, and three wrongly faulty as shown in
Fig. 15.

4.2.4 In the frequency domain

For the four learning steps (1, 2, 3, and 4), the respec-
tive numbers of neurons in the two hidden layers are (4),
(7). (9), and (7).

Table 3 also presents the best architecture in the
frequency domain for each data step and their general-
ization on other steps.

Finally, in the frequency domain, the best model
retained is an architecture with one hidden layer contain-
ing seven neurons. The activation function is tansig.
As for the output layer with two neurons, the activation
function retained by the genetic algorithm is softmax.
Fig. 16 presents this final architecture.

The confusion matrixes on the 1dB training step data
and the other steps measure their generalists are shown
in Fig. 17.

This confusion matrix translates the results of the best
architecture on the training dataset. In this data, 52
datasets represent the fault (machine with bearing fault),
and 50 the healthy machine (machine without bearing
fault). Accordingly, for the 102 datasets, 50 are really
healthy and zero faulty but it classifies them as healthy.
Whereas 51 are really faulty and one which is wrongly
healthy. So, the number in the green square represents
the correct classification of that class and the number in
the red square represents the wrong classification of that
class and this explains these percentages.

After this training step, this architecture is fed with
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Table 3: Results of the best architectures in the frequency
domain according to the training data steps.

Train | Accuracy | Other | Accuracy | Time | Memory

step (dB) (%) steps (%) (s) (kB)
2 100 0.4125 115

1 99 3 100 0.3195 115

4 100 0.3135 115

1 99.01 0.5504 132

2 100 3 100 0.2957 115

4 100 0.3150 115

1 98.03 0.5097 132

3 100 2 98.07 0.3239 115

4 100 0.2254 115

1 98.03 0.5686 132

4 100 2 98.07 0.3525 115

3 98.07 0.3889 115

Hidden Output

Fig. 16: Best architecture in the frequency domain.

Output Class
"

Confusion Matrix

51
50.0%

100%
0.0%

100%
0.0%

99.0%
1.0%

»
Target Class

Fig. 17: Training with steps of 1dB.

other data steps to see its generalization on them (how it
classifies them). The other steps are 2, 3, and 4 dB and the
number in the dataset is 52 (26 healthy and 26 faulty).
Applying the same analogy to these 52 datasets
with steps of 2 dB, the last architecture above classified
correctly 26 healthy, wrongly zero healthy, 26 correctly
faulty, and zero wrongly faulty as shown in Fig. 18.
Applying the same on these 52 datasets with steps of
3 dB, the last architecture above classified correctly 26
healthy, y zero wrongly healthy, 26 correctly faulty, and

Output Class
n

Confusion Matrix

26 o 100%
50.0% 0.0% 0.0%

o 26 100%
0.0% 50.0% 0.0%
100% 100% 100%
0.0% 0.0% 0.0%

~ *

Target Class

Fig. 18: Test on data with steps of 2 dB.

Output Class
~

Confusion Matrix

26 (1] 100%
50.0% 0.0% 0.0%

o 26 100¢
0.0% 50.0% 0.0%

100%
0.0%

100%
0.0%

i g
Target Class

100%
0.0%

Fig. 19: Test on data with steps of 3 dB.

Output Class
N

Confusion Matrix

26
50.0%

26
50.0%

100%
0.0%

100°
0.0%

100%
0.0%

100%
0.0%

100%
0.0%

0%
Target Class

Fig. 20: Test on data with steps of 4 dB.

zero wrongly faulty as shown in Fig. 19.
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Applying the same analogy to these 52 datasets
with steps of 4 dB, the last architecture above classified
correctly 26 healthy, wrongly zero healthy, 26 correctly
faulty, and zero wrongly faulty as shown in Fig. 20.

4.3 Discussion

Compared to the time domain (Table 2) in terms
of classification precision, elapsed time, and memory
occupied to train the neural network, the frequency
domain can be observed to give the best architectures to
detect the bearing fault. This is because there is more
information to describe the bearing fault in the frequency
domain.

In addition, by comparing Fig. 7 and Table 3, it can be
observed that the proposed approach which combines an
ANN network driven by frequency signals obtained by
applying the ESPRIT-TLS algorithm is strongly favored
for early detection of a bearing fault in real time in
comparison to the application of the ESPRIT-TLS algo-
rithm alone. This applies not only to the execution time,
but also the classification when considering ESPRIT-TLS
alone since each parameter needs to be observed one by
one to decide whether or not there is a fault. Therefore,
with this combination all can be achieved simultaneously
with low execution time.

Suffice to say, this combination is more efficient than
ESPRIT-TLS alone.

5. CONCLUSION

The aim of this study was to seek, in the time
or frequency domains, an ANN architecture or model
which allows the real-time monitoring of each bearing
defect. Based on two signal datasets, classified as
healthy or faulty, the ANN was built and trained,
and its performance then examined. The simulation
results demonstrate that an ANN architecture can be
developed which fulfills the need for precise satisfactory
classification offering early detection in real time. Given
their wealth of information, the stator current signals
forming the used dataset in the frequency domain are
better suited and favored for the training and design of
such neural networks and the combination chosen can be
a great help in monitoring the bearing fault in induction
machines. In the future, it is recommended that this
study be extended by applying the CNN (convolutional
neural network), RNN (recurrent neural network), and
machine learning methods to fault classification as well
as determining the indicators of their expected robust-
ness. In addition, experimental implementation of these
algorithms is proposed on electronic board prototypes
with a test bench to validate the simulation results.
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