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Powering production lines by means of asynchronous motors remains the most economical,
robust and safest way for long periods of time. The durability of asynchronous motors is the
major concern of maintenance technicians, which often requires diagnostic and maintenance

actions.

This work is a contribution to the diagnosis of mechanical defects that can occur on
asynchronous motors using vibration analysis. The work is divided into two experimental
parts. In the first part, a whole experimental setup linked to accelerometers was set up to
validate the bearing defects and build a database of vibration signals. In the second part, the
same experimental setup was used but this time in conjunction with different mechanical

defects.

The methods used for fault diagnosis and classification are: Wavelet Packet Decomposition
(WPD) based on time-frequency methods, energy and L-kurtosis calculated from wavelet
packet decomposition and perceptron multilayer based on artificial neural networks. The
Multilayer Perceptron is involved to identify the type of defect in order to be able to establish

a program of preventive or curative maintenance actions as soon as possible.

Keywords: Asynchronous motors; Diagnostic; Accelerometers; Wavelet packet
decomposition; Time-frequency; Multilayer Perceptron; Artificial Neural Network; Energy;

L-kurtosis.
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L'alimentation des chaines de production aux moyens de moteurs asynchrones reste le moyen
le plus économique, robuste et le plus sir pour de longues durées. La durabilité des moteurs
asynchrones, le souci majeur des mainteniciens, exige souvent des actions de diagnostic et de

maintenance.

Le présent travail est une contribution au diagnostic des défauts mécaniques qui peuvent
survenir sur les moteurs asynchrones en utilisant I'analyse vibratoire. Le travail est scindé en
deux parties expérimentales. En premiére partie, tout un montage expérimental lié a des
accélérometres été mis en place pour valider les défauts des roulements et construire une base
de données des signaux vibratoires. En deuxieme partie le méme montage expérimental été

utilisé mais cette fois ci en liaison avec différents types des défauts mecaniques.

Les méthodes exploitées pour le diagnostic et la classification des défauts sont: la
décomposition en paquets d'ondelettes basé sur les méthodes temps-fréquence, I'énergie et le
L-kurtosis calculé a partir de la décomposition en paquets d'ondelettes et le perceptron
multicouches basé sur les réseaux de neurones artificiels. Le perceptron multicouches a été
impliqué pour identifier le type de défaut afin de pouvoir établir un programme d’actions de

maintenance préventive ou curative dans les meilleurs délais.

Mots clés: Moteurs asynchrones; Diagnostic; Accéléromeétres; Décomposition en paquets
d'ondelettes; Temps-fréquence; Perceptron multicouches; Réseau de neurone artificiel,

Energie; L-kurtosis.
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General introduction

Alternating current machines (ACMs) were the immense contribution of Nikola Tesla to
science and technology which was noted around the years 1887-1888 in his patent and

publication, of which he explained the principle of operation of his discovery[1], [2].

ACMs are divided into two categories. Synchronous machines (SM) whose rotational speed
of the rotor is equal to the rotational speed of the rotating field, this is called synchronism
speed; and asynchronous machines (ASM) whose rotor speed is slightly lower than the
rotational speed of the rotating field; the relative speed between the rotor and the rotating field

is called slip[3].

This type of machines is widely used for applications that does not need high precision; they

are characterized by their power, robustness, ease of implementation and low cost[3].

Therefore, many diagnostic techniques are developed to identify the most critical defects
occurring on ACMs, more precisely the asynchronous motors, called also induction motors
(IMs),in order to prevent breakdowns, improve the operating time and minimize the shutdown
cost. All faults that occur on IMs can be classified into several categories: stator and rotor
defects; electrical, mechanical and environmental defects or internal and external defects. The
IMs defects are expected, according to IEEE study results on induction motor faults[4], as
follow: 42% of defects represents bearing damages and 28% is for stator winding damages

where rotor related damages are of 8% , the rest of 22% includes other IM defects.

To diagnose these defects, a multitude of model based approaches and modeless approaches
are developed. For model based approaches we can cite parametric estimation analysis,
observer-based analysis and parity space analysis. The modeless approaches can be divided
into static methods (Statistical test, Principal Components Analysis (PCA), Pattern
Recognitions (PR), Bayesian Network and Hidden Markov Model); signal processing
methods (Temporal analysis, Frequency analysis and Time-frequency analysis) and artificial
intelligence approaches (Neural networks, Fuzzy logic, Neuro-Fuzzy logic and Support
Vector Machine (SVM)). These methods are exploited, using several condition monitoring
techniques such as vibration analysis techniques and motor current signature that are the most
used in the literature; the air-gap torque that can be measured when the IM is operating[5].
The magnetic flux monitoring used to identify several stator and rotor defects by calculating
magnetic flux density through it. The speed fluctuation monitoring technique, used to detect

rotor defects during the operating time of the machine.



General introduction

The surge testing technique which is mainly used to predict the failure of the insulation and
the unbalance of the winding before the occurrence of a turn-turn short circuit using
overvoltage testers; motor circuit, a non-invasive technique, that calculates the electrical and
magnetic parameters, and tests the insulations in order to evaluate the state of the motor; gas
analysis technique which is based on infrared absorption method that detect the state of
electrical insulation using carbon monoxide produced from its degradation after a set of
electrical reactions [4].Acoustic emission which is typically applied for composite material
structurally modified under stress which create a rapid liberation of energy deformation, and
S0 a generation of transient elastic wave [6-8]; temperature monitoring, a non-destructive
technique, which coming widely used for the detection of IM defects[5], it is based on picking
up the over-heat produced from several defects affecting the IM components[6] and partial
discharge monitoring that can be performed as an on-line quality control test during normal

operating conditions[9].

Although the variety of the proposed methods, the latest works are based on the signal
processing methods by time-frequency methods as short time Fourier transform (STFT),
Wigner Ville distribution (WVD) and wavelet transformer (WT). These techniques are
associated to artificial intelligence techniques as Artificial Neural Network (ANN), Fuzzy

Logic, Neuro-Fuzzy Logic etc., in order to classify and improving fault recognition.

It is for this reason that this thesis aims to address several types of IM defects, which are not
fairly treated in previous researches through vibration analysis technique; using a novel
methodology, that will be detailed in chapters 3 and 4. This methodology is based on the
wavelet packet decomposition that represents the best time-frequency method due to its better
resolution over the other time-frequency approaches and the MLP-NN as the easiest and most

popular Al technique for its application, with an integration of novel combined features.

In order to conduct this study, the content of the present thesis is organized into four chapters:
chapter 1 presents a bibliographic review related to the theme of the thesis. The theoretical
background of the time-frequency methods and ANN approaches are introduced in chapter 2.
chapter 3 and 4 are devoted to the experimental setup for data acquisition and the proposed
method for bearings and IM mechanical fault diagnosis respectively. The analysis is carried
out through the wavelet transform and the Multi-Layer Perceptron Neural Network using
vibration analysis technique and confirm the efficiency of the proposed method. Finally,

general conclusion and future trends are given.
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Chapter | Bibliographic review

1.1 Introduction

Rotating electrical machines are reversible electromechanical systems that transform electrical
energy into mechanical energy (motor operation) and vice versa (generator operation) [3].

There are two main families of electrical machines: direct current machines (DCM) and

alternating current machines (ACM).

ACMs themselves break down into two types: synchronous machines and asynchronous

machines.

Asynchronous motors, which are part of asynchronous machines, are also known as induction
motors (IM).

For decades, induction motors have enjoyed wide use in domestic and industrial fields
because they are more robust, require less maintenance, and are more economical in terms of
manufacturing and operating costs. Asynchronous motors do not have brushes like direct
current motors, which significantly reduces wear and the need for maintenance. Additionally,
they offer better energy efficiency and durability, making them ideal for industrial use where
reliability and longevity are essential. For this reason, several works focus on the study of
induction motors while developing methods for diagnosing their defects using different
condition monitoring techniques (Table I. 1) for data acquisition enabling effective condition
monitoring, extending machine life and minimizing unplanned downtime. Then appropriate
maintenance actions are taken into account to restore the machine to its initial state. Where
there are many types of maintenance can be resumed by Figure 1. 1 [10].
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Table I. 1 Comparisons of main condition monitoring techniques

Bibliographic review

Technique

Fundamental principles

advantages

Disadvantages

Vibration analysis

Measures vibration levels
and frequencies to detect
imbalances, misalignments,

Effective for rotating
equipment, detects a
wide range of

Requires specialist
equipment and skills,
results influenced by

bearing defects, etc. mechanical external noise.
problems.
Oil analysis Analyzes lubricating oil Provides information  Requires regular
properties and composition  on internal sampling and
to identify wear particles, component wear, laboratory analysis,
contaminants, and detects lubrication results may be
degradation. and contamination delayed.
issues.
Thermography Uses infrared cameras to Non-invasive, Limited to detection

detect temperature
variations on the surface of
equipment, identifying hot
spots indicative of problems
such as electrical faults or
poor lubrication.

provides a visual
representation of
temperature
distribution, useful
for electrical and
mechanical systems.

of surface temperature
variations, requires
interpretation by
qualified personnel.

Electrical analysis

Analyzes electrical signals
and power quality to
identify electrical and
mechanical faults in
electrical motors and
generators.

Non-invasive, can be
performed online,
detects a wide range
of electrical and
mechanical
problems.

Requires specialized
equipment and skills,
complex interpretation
of electrical signals.
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1.2 Bibliographic review

In recent years, works are based on the processing of defective signals by time-frequency
methods such as the short-time Fourier transform (STFT), the Wigner Ville distribution

(WVD) and the wavelet transform (WT) using several diagnosis techniques.

Approaches based on signal processing simultaneously in time and frequency have aroused

great interest.

Gaied and al.[11] applied the DWT (discrete wavelet transform) method on four types of
signals: stator current, torque, flux and speed in order to diagnose the faults of the variable

load short circuit.

In order to detect the absence of one of the supply current phases fault during motor
operation, Haouem and al.[12] analyzed the stator current using all the methods: park vector,
Fourier transform, mean square spectrum, Hilbert transform and the STFT (short-term Fourier

transform).

Lahouasnia and al.[13] extended the WPT (wavelet packet transform) for detection unbalance

defects on induction motors. They combine wavelet package transform WPT and CSV
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(current space vector) analysis in order to improve efficiency to detect load unbalance fault

with different weights that yield more explanatory energy levels.

Sonje and al.[14] carried out the discrete wavelet transform (DWT) on the Park’s vector
modulus of current signals to detect the turn to turn short-circuit fault in stator winding. They
studied the best-fitting mother wavelet by testing various orthogonal wavelet functions on
simulated signals and tested on experimental current signals under operating conditions like
balanced, unbalanced supply voltages and load slip variation.

While Zhang and al.[15] combined Q-factor Gabor wavelets and CWT (continuous wavelet
transform) to generate better time-frequency resolution. They applied this methodology to a

set of vibration signals to diagnose bearing defects.

Belkacemi and Saad [16] gave an overview on a famous time-frequency type signal
processing method, namely, DWT (discrete wavelet transform) method, for the detection of
bearing lubrication defects. In particular, in this study, they described the simplicity and
effectiveness of this method. They applied DWT to vibration signals from an induction motor
in healthy and faulty states.

Huang and al.[17] give improvements to the EWT (empirical wavelet transform) method
dedicated to bearing fault diagnosis through vibration analysis. This improvement aims to
reduce the loss of information (characteristic fault frequency of bearings) due to the breakage
of the bands, obtained as a result of the decompositions, by the optimization of the frequency

band region on the basis of the set of parameters: mean and variance.

The study of Chen and Feng [18] was based on the processing of stator currents in the
presence of planetary gear defects and an air gap eccentricity using adaptive iterative

generalized demodulation technique based on Hilbert transform and Fourier transform.

Liu and al.[19] studied vibrational signals containing bearing defects, using mainly, the fast
kurtogram to separate the optimal frequency band, and the time-frequency representation
(TFR) of the envelope obtained by the adaptation of the Hilbert transform with the STFT for
the filtered signal. Then, the instantaneous fault characteristic frequency is extracted from the
filtered fast Fourier transform (FFT) based on an improved instantaneous frequency

estimation algorithm.
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Yu[20] used a method called the transient extraction transformation, with the goal of
efficiently characterizing and extracting transient components in faulty signals.

This method is based on the short-time Fourier transform (STFT) and the spectral flattening

parameter (kurtosis).

In order to refine the results of these time-frequency methods, several articles introduce the
tools of artificial intelligence as classifiers of the various faults. For example, in the field of
bearing fault diagnosis, Anbu and al. [21] used the combination DWT (discrete wavelet
transform) and fuzzy logic (fuzzy c-means clustering) through scalar indicators (Average,

variance, kurtosis, RMS, peak to peak, S-factor, C-factor, I-factor).

While, Djaballah and al.[22], first, dealt with different bearing faults by using several types of
wavelet with different levels of decomposition, the two scalar indicators (energy and kurtosis)
and the multilayer perceptron neural network for classification. As a result, they selected the

mother wavelet, which gave better accuracy, namely db6 (Daubechies 6).

Quinde and al.[23] considered the problem of the presence of cross-terms when applying the
WVD (Wigner Ville Distribution) method on multi-component signals which can give
misleading interpretations of the defects. For this, they integrated the Local Mean
Decomposition (LMD) approach in their methodology, to obtain a more reliable diagnosis
based on vibrational signals. Moreover, they selected the optimal frequency band with the
most relevant defect information using the Kullback-Leibler Divergence (KLD).Due to this,

they could identify defects during classification by feed-forward neural networks.

Singh and Shaik [24] detected, classified and located bearing faults through stator voltage and
current signals. In this study, they proceeded a set of approaches; they applied FFT (Fast
Fourier Transform) and Stockwell transform to extract a number of features in time and

frequency domain and SVM (Support Vector Machine) for classification.

To improve the performance of the SVM (support vector machine) classifier, Tajeddini and
al.[25] presented a new methodology based on the two approaches, Dempster-Shafer theory
and WPT (wavelet packet transformation). In this research, they identified bearing defects
whose data is acquired by a double sensor, one for vibration measurements and the other for

current measurements. They used for this, wavelet packet transformation for each sensor as an
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efficient pre-processing method for signal denoising, and Dempster-Shafer theory to merge

the SVVM classifier decision.

Attoui and al.[26] proposed an algorithm, for bearing fault diagnosis, that includes four key
steps: data acquisition, feature generation, feature selection, and defect classification. For this,
they employed, while basing on the envelope model, the following methods: the DWPT
(discrete wavelet packet transform), the FFT (fast Fourier transform) and the ANFIS (adaptive

neuro-fuzzy inference system).

The methodology of Niloofar Gharesi and al.[27] proposed for the diagnosis of the same type
of defect is based on non-recursive variational mode decomposition (VMD) for feature
extraction, and WNN (Wavelet Neural Network) for classification, through a set of statistical

indicators .

Pavan Agrawal et Jayaswal [28] made a comparative study between artificial neural network
(ANN) and support vector machine (SVM) using continuous wavelet transforms (Morlet

wavelets) and energy entropy approaches for the diagnosis and classification of bearing faults.

Tao and al.[29] have proposed an algorithm named St-GatGAN intended for bearing fault
diagnosis by vibration analysis. For this, they first introduced STFT to transform the raw one-
dimensional (1D) vibration of signals into 2D time-frequency maps to serve as input to
CatGANs (Categorical Generative Adversarial Networks). Then, it obtains a model CatGAN
through an adversarial training process to generate fake samples with a distribution similar to

the maps extracted by STFT and cluster the input samples into certain categories.

In order to diagnose bearing faults through vibration analysis, Zhang and al.[30] presented a
simple methodology that can improve the results of the CNN (convolution neural network)
classifier. They applied STFT (Short Term Fourier Transform) to get an input image, then
Exponential Linear Scale Unit (SELU) function is introduced to avoid excessive dead nodes
during the learning process, and hierarchical regularization to get better results from neural

network training.

Zhao and al.[31] attempted to improve diagnostic accuracy when training data is insufficient
by developing a multiple wavelet regularized deep residual network (MWR-DRN) model that
uses a wavelet basis function (WBF). This method is tested by vibration signals in the healthy
state and in the presence of different types of bearing and gear defects.
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Table 1.2 summarizes the researches cited in the present chapter.

1.3 Conclusion

TF-Al (Time-Frequency and Artificial Intelligence) approaches, for efficient diagnosis of
IMs, have received considerable attention from various studies, while introducing a set of

scalar indicators.

However, there are still many difficulties in implementing TF-Al methods for real diagnosis
due to the specific features (e.g., multi-variety, non-linearity, non-stationarity, etc.). Thus, to
bridge the moderately large gap between theoretical approaches and implementations, it is
necessary to consider new hybrid approaches as well as to design more elaborate TF-Al
models using various combined techniques (time-frequency, scalar indicators and artificial

intelligence).

Table 1.2 Bibliographic review

Ref Fault types Exploited techniques  Proposed methods  Results
[10]  Short circuit Stator current, torque, DWT Fast detection of defects
flux and speed
[11]  Absence of one of the  Stator current Park vector; Fourier ~ The operator is able to
supply current phases transform; mean observe and make quick,
square spectrum; dependable judgments on
Hilbert transform the engine's performance
and the STFT thanks to the realistic
results that demonstrate
the efficacy of the
suggested methodology
[12] Load unbalance fault  Stator current signals WPT; CSV; The suggested method's
energy capacity to distinguish
between a healthy state
and various degrees of
load unbalance defects
[13]  Turn to turn short- Stator current signals Park’s vector DWT demonstrated its

circuit fault

modulus; DWT

sensitivity and robustness
for fault detection; and the
fault severity factor
enhanced the assessment
of the IM fault severity .




Chapter |

Table 1.1 (continue)

Bibliographic review

Ref

Fault types

Exploited techniques

Proposed methods

Results

[14]

Bearing defects

Vibration

Q-factor Gabor
wavelets; CWT

The resolution of the time-
frequency method was
improved in extracting
information and
identifying the faults

[15]

Bearing lubrication
defects

Vibration

DWT

The DWT decomposition
approach was found to be
effective in differentiating
between a healthy bearing
and an improperly
lubricated bearing at
medium speeds.

[16]

Bearing defects

Vibration

EWT

In comparison to using
simply scale space
approaches, an enhanced
EWT method was
presented that can extract
the fault characteristic
frequency more easily and
effectively while avoiding
over segmentation and
redundancy.

[17]

Planetary gear
defects;
air gap eccentricity

Stator currents

Adaptive iterative
generalized
demodulation

The modification in
Adaptive iterative
generalized demodulation
procedure prove its ability
to be extended to deal with
MCSA field in order to
identify and display weak
time-varying fault signals
on the time-frequency
plane

[18]

Bearing defects

Vibration

Fast kurtogram;
Hilbert transform;
STFT; FFT

The suggested method's
capacity to identify and
locate the bearing failure
without requiring a
rotational frequency
measurement as a
reference.

10
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Table 1.1 (continue)

Bibliographic review

Ref Fault types Exploited techniques  Proposed methods  Results
[19]  Bearing defects Vibration Transient extraction  The suggested approach
transformation performs the best when
enhancing energy
concentration and breaking
down transient
components with the
largest kurtosis; with the
same computing
complexity of the STFT
[20]  Bearing defects Vibration DWT; fuzzy c- High classification
means clustering; accuracy of 100%
scalar indicators
[21]  Bearing defects Vibration WPD; ANN; Maximum classification
Energy; Kurtosis accuracy of 99.47 %
[22]  Bearing defects Vibration LMD; KLD Average classification
feed-forward neural  accuracy of 98.5 %
networks
[23]  Bearing defects stator voltage; current  FFT; Stockwell; Average classification
signals SVM accuracy of 95 %
[24]  Bearing defects Vibration; Dempster-Shafer A better Classification
current measurements  theory; WPT; SVM  accuracy was obtained
when dealing with SVM
classifier
[25]  Bearing defects Vibration DWPT,; FFT, High classification
ANFIS accuracy of 99.83%
[26]  Bearing defects Vibration non-recursive High classification
WNN; accuracy of 99.48%
statistical indicators
[27]  Bearing defects Vibration ANN; SVM; Morlet  High classification
wavelets; energy accuracy of 100%
entropy
[28]  Bearing defects Vibration St-GatGAN Average classification
accuracy of 91.89%
[29]  Bearing defects Vibration STFT; SELU; CNN  Average classification
accuracy of 97.81%
[30] Bearing and gear Vibration MWR-DRN Classification accuracy of

defects

96.67%

11
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1.1 Introduction

In recent years, as shown in the first chapter, research has been based on the combination of
time-frequency type signal processing methods, also called time-scale representation, and
artificial intelligence tools. We have directed our research towards the introduction of
artificial neural networks through the intermediary of the scalar indicators which will be

presented in this chapter.

This chapter will therefore be devoted to the study of the main time-frequency
transformations as well as the artificial neural networks that we have detailed in order to
choose the most suitable combination for our research; but before that, we chose to make a

general overview on the signals.
11.2 General information on signals

11.2.1. Signal definition

A signal is the physical representation of the information, it transmits from its source to a
recipient. It represents an information carrier[32].

In other words, it is the physical manifestation of a measurable quantity (vibration, current,

voltage, pressure..etc.).

11.2.2. Signals classification

Different ways of classifying the models of the signals can be envisaged, of which we
cite[32]:

= Phenomological classification, we emphasize the signal's type of evolution, its
predetermined character and its random behavior,
= Morphological classification according to continuity or discretization of signals,
= Energy classification, spectral classification and dimensional classification.
By following the first so-called phenomological classification, we can break down the types
of signals as follows:
= Deterministic signals, whose signals can be predefined by a mathematical model (a

well-determined mathematical function). For this type of signals we find:

12
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o Periodic signals which include sinusoidal, composite periodic and pseudo-
random signals.
o Non-periodic signals, that are quasi-periodic signals and transient signals.
= Random signals, whose temporal behavior is unpredictable that can be stationary type,
where the frequency content unchanged in time, or non-stationary type where the

frequency content changes in time.
11.2.3. Signal sampling

Sampling is the regular or irregular sampling of point values using a digital electronic system,

namely the computer, from analog signals [32].

Generally, the type of accredited sampling is regular (periodic) sampling with a constant

sampling interval Ts.

In the case of low-pass spectrum signals with bounded support, according to Shannon's
theorem, the regular interval Ts must be less than or equal to 1/(2fnax), to ensure the
reconstruction of the analog signal from the samples, .i.e. avoid the loss of information when

converting analog signals to digital signals by the sampling operation [32].
11.2.4. Signals resolution

The resolution depends on the finite observation time T of the signal. This duration is equal to
the product of the number of samples N and the sampling step T [32].

T=N=xT, (11.1)

Hence, the resolution B is represented by:

L=k (11.2)

11.2.5. Signal filtering

The purpose of filtering is to alter the frequency spectrum of signals to eliminate or enhance

certain frequency ranges or bands.

The filters are linear systems, characterized by linear differential equations with constant
coefficients. They can be studied by their Laplace transmittance, in terms of their temporal

13
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behavior (impulse response, step response), or by their harmonic transfer function, in terms of

their frequency behavior.

The main types of filters are: low-pass, high-pass, band-pass, band-stop (or band-rejector).
There are also other filters which do not modify the gain but only the phase, called pure phase
shifters [33].

11.3 Time-frequency methods

11.3.1. Short time Fourier transform

=  Fourier transform and its limitation

The Fourier Transform decompose the signal f(t) in infinite number of sine/ cosine waves
witch called harmonics [34]. The Fourier transform for continuous time signals can be

expressed as:

F(f) = [ f(e > at (11.3)
And for discrete time signals we use this equation:

F(f) = X% f(m)e 2™ (11.4)

There is no means of identifying exactly where an event occurs. In magnitude representation
versus frequency, the time is messing. As a result does not cope well discontinuous bursts of
signals in time domain. The Fourier transform cannot precise at what time the frequency

components occur [34].

= Short time Fourier transform

The short-time Fourier transform (STFT), is a linear transform based on the development of
the standard Fourier transform technique, proposed by Denis Gabor in 1946 [35]. This
technique, called signal windowing, uses a fixed-width sliding window and analyzes only a
small portion of a signal at a time assuming the signal segment is stationary. The downside of
STFT is that the width of the window is unchanged. On the other hand, it is faced on the
resolution dilemma: if we choose a narrow window, we obtain a good temporal resolution and
a poor frequency resolution, and vice versa, if we choose a wide window, we obtain poor time

resolution and good frequency resolution as shown in Figure I1.1.

14
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Therefore, this approach is not suitable for characterizing the local time-frequency
characteristic of non-stationary signals [36]. It is obvious that many STFTs with different
frequency resolutions should be tried and compared to improve the detection of transients of

unknown shapes [37].

STFT allows useful signal information to be monitored under changing speed conditions [38].

It can be represented by [39]:
STFT(z,f) = [ s(t)h*(t — )e 72"/t dt (11.5)

where s(t)is the signal and h*(t) is the complex of the window function whose position has

been translated in time by z.

And, the corresponding energy density called the spectrogram is defined by squared modulus

of the short-term Fourier transform formula, such as [39]:

E; = |STFT(z, f)|? (11.6)

fieq freqg

time tme
Figure 11.1 STFT resolution problem
11.3.2. Wigner Ville Distribution

Wigner Ville Distribution (WVD) , is a quadratic nonlinear time-frequency distribution,
defined as the Fourier transform of the local autocorrelation function of the signal x(t) [23],

[36], expressed by:
WvDx)=["" x (t =) x*(t + eV dr (I1.7)

This approach uses the interference of the cross terms by calculating the instantaneous
autocorrelation function; at the same time achieves the best energy concentration for linearly

frequency modulated signals (or chirps) [36]. This is why an improved version of WVD

15
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called Smoothed Pseudo Wigner Ville Distribution (SPWVD) was invented in order to

remove cross terms [23]. SPWVD is defined as:
SPWVDx(tf)= [ g()H()x (t- g) X' (t+3) 2t dr (11.8)

11.3.3. Wavelet transform

11.3.3.1. Historic

The wavelet transform is a powerful tool in area of signal processing. The wavelet transform
also known as multi-resolution analysis. First wavelet, known as the Haar wavelet, is
introduced by Alfred Haar; it is defined as a function composed of a short negative pulse
followed by a short positive pulse.

Later, Jean Morlet and Alex Grossmann introduced the term wavelet to the mathematical
language in 1984. Yves Meyer collected all the previous results, calculated 16 of them, then
defined orthogonal wavelets. Then, Stéphane Mallat established a link between wavelet
analysis and multi-resolution analysis. Finally, in 1987, Ingrid Daubechies developed an
orthogonal wavelet, easy to implement, called Daubechies wavelet [40].

11.3.3.2. Wavelet family
A wavelet is a waveform of effectively limited duration that has an average value of zero.

It is a mathematical object used for signal processing. They allow particular to decompose a
signal in a frequency domain whose precision varies depending on the frequency band
considered.

A wavelet has several proprieties like:

Compact support: Most wavelets are compactly supported in the time domain, which means
that they are of finite duration and are distinguished by their rapid attenuation. A compact
support allows reduced computational complexity, better resolution in the time domain but
gives poor frequency resolution. As example, we can cite Daubechies wavelets, Symlets,
Coiflets, etc. By duality, narrow band wavelets are compactly supported wavelets in the

domain frequency but not in the time domain. Meyer wavelets are one example [34].
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Regularity: The regularity of a wavelet is the property making it possible to locate the
singularities in a signal. It can be noted that there is a link between regularity and the zero

moments. As much as we have zero moments, the signal is regular [34].

Symmetry: like the number of zero moments, the symmetry of the wavelet conditions the

regularity of it over an interval [34].

Orthogonality: The orthogonality of a wavelet is the property allowing eliminating

information redundancy [34].

There are several mother wavelets used for calculating the wavelet transform analyzed

signals. Each of them has a defined domain of application in the form of signal studied.
Table 11.1 and Figure 11.2 contain the most common families:

Table 11.1 Types of wavelet family

Wavelet family name Abbreviation
Haar wavelet Haar
Daubechies wavelet Db
Symlets wavelet Sym
Coiflets wavelet Coif
Biorthogonales wavelet Bior
Meyer wavelet Meyr
Gaussiennes wavelet Gaus
Gaussiennes complexes wavelet Cogaus
Mexicain wavelet Mexh
Morlet wavelet Morl
Morlet complexes wavelet Cmor
Shannon complexes wavelet Shan

17
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(a) db wawvelet (b)) Morlet wavelet

i | I

(c) Bi-orthogonal wawvelet (d) Spline wawvelet

(e) Mexican Hat wawvelet (f) Haar wavelet

(2) Gauassian wawvelet (h) Coiflet wawvelet

Figure 11.2 Examples of wavelet families[41]

Wavelet families can be characterized by four properties main existence of associated filters,
orthogonality or biorthogonality, support compact or non-compact, real or complex wavelets.

Table 11.2 summarizes these various properties.

Table 11.2 Wavelet family proprieties

Wavelet with filter Wavelets without filters
with compact support with non-compact support Real Complex
Orthogonal  Biorthogonal Orthogonal
Db, haar, sym, Bior Meyr Gaus, Cgau,
coif mexh, morl  shan, Cmor

11.3.3.3. Principle of wavelet transform

Unlike the short-term Fourier transform method, the wavelet transform uses an automatically
adjustable width window for low and high frequencies, with a resolution adaptive to the size
of the object or the analyzed detail, which facilitates localization defects. It uses windows
with narrow time widths for high frequency components and windows with long time widths
for low frequency components (Figure 11.3). Hence, each frequency of the component
receives the same treatment without reinterpreting the result, which provides more support for
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the wavelet transform to analyze signals with local transient components. Time-frequency
positioning means more energy wavelet coefficients are located, which is useful for feature
extraction [40]. This technique decomposes the signal based on particular functions called
wavelets which have the property of being able to be well localized in time or in frequency
due to its basic elements, generated by translation b and dilation a from a mother wavelet

function , as shown in the following expression:
1 t—b
W0 = =W (—) a,b eR (11.9)
a, b are called dilatation (scale) and translation (position) parameters respectively.

w %

Figure 11.3 Resolution of wavelet transform

11.3.3.4. Types of wavelet transform

There are many types of wavelet transforms, such as continuous wavelet transform (CWT);

Discrete wavelet transform (DWT) and Wavelet packet decomposition (WPD).

= Continuous wavelet transform

When the structural parameters (the translation b and the dilation a) used can take any value
of the set of real numbers R (the dilation a must be positive) we say that this wavelet

transform is continuous[40].

The continuous wavelet transform is similar to the short-term Fourier transform (STFT),

except that the sliding window used for the analysis changes over time [42].
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The continuous wavelet transform of a function x(t) is defined as the inner product [42]:

CWT(a,b) = (x, ¥, ) (11.10)
It means:
CWT(a,b) = % 77 x@w (52) de (11.12)
with:

¥* is the complex conjugate of the mother wavelet ¥.
b is the time location parameter.

a is the frequency localization parameter.

\a ensures the same energy for the dilated wavelet.

= Discrete wavelet transform

The discrete wavelet transform (DWT) is a discretization of the continuous wavelet transform
(CWT) by fixing 2™ and n2™ instead of a and b respectively, with m and n being integers [43],

and so :
DWT(m,n) = = [~ x()¥* (o) dt (11.12)

The families of common discrete wavelet transforms are: discrete Coiflet wavelet, Cohen
Daubechies wavelet, binomial-quadrature mirror filter (QMF), Daubechies wavelet, Haar

wavelet, Mathieu wavelet, Legendre wavelet [11].

The discrete wavelet transform (DWT), has a major drawback, the inability to decompose
high frequency sub-bands, i.e., the wavelet transform only iterates over the scaling

coefficients (approximation) (Figure 11.4).
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= Wavelet packet decomposition

The wavelet packet decomposition (WPD), proposed by Coifman and Wickerhauser, unlike
the discrete and continuous wavelet transform, generates at each level an approximation
coefficient containing low frequency information, and a detail coefficient containing high
information. frequencies of the original signal without data loss or redundancy. The operation
can be repeated at several levels and leads to the creation of the tree structure represented on
the Figure 11.5 [13], [44].

Coefficients of wavelet packet decomposition (X{(“)are defined as[45]:

j+1 _ _ j
Xir; [n] =), HP[m 2n]XP [m] (11.13)
Xy 41[0] = ¥ LP[m — 2n]X}, [m]

p=0,1,2..., 2"} : the numbered nodes at level j.

(22

2 (+2)

(22

(L 2——{ bln] [—=(E-2) (+2)

(2

=x[n]- | hin] |—(+2)

Figure 11.5 WPD tree
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The level of wavelet decomposition, must be well chosen so that it includes the harmonics
around the fundamental frequency of the signal [42], it is calculated by the relation:

oo (fs
N =int <M> +2 (11.14)

log (2)
fs, sampling frequency and f,, power frequency.

I1.4 Artificial neural networks

11.4.1. History
The artificial neural network is a mathematical model whose design is inspired by the

function of biological neurons [46].

An early wave of interest in neural networks (also known as connectionist models or
distributed parallel processing) emerged after the introduction of neurons by McCulloch and
Pitts in 1943[47].

11.4.2. Usefulness

Neural networks (NN) have been widely applied to real-world problems in security, science,
engineering, medical science, agriculture, finance, banking, education, energy, management,
manufacturing, etc. as a method of optimization, intrusion detection and for data and images

classification [48].

11.4.3. Artificial Neuron

Artificial neuron is a fundamental building block of artificial neural networks, which are used
in machine learning and deep learning algorithms for pattern recognition, classification, and
regression task. The artificial neural network is composed of an input layer, one or more
hidden layers and an output layer [49]. The resulting data from each layer represents inputs
for the layer that follows it, where, these data are weighted by weights (w;) subject to learning
errors [50] according to rules and algorithms from which we cite: gradient descent algorithm,

Heb's law, Delta's rule, Window-Hoff's algorithm, Gross-Berg's law...etc.

An artificial neuron is a mathematical model inspired by the biological neurons in the human
brain. The model of the artificial neuron can be represented by the diagram of the Figure 11.6
[51].
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biais
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f(s)
Inputs ) ) yy Output
> > >
Y
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Figure 11.6 Model of artificial neuron

With: x, is the inputs, W, the weights, b; the bias, Y the output and f(s) the activation function.

The most used activation functions are schematized in figure 11.7.
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" v

f&) =T e
) eds — p—as
With c=1 f&) ==
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Figure I1. 7 Most used activation functions
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The output is given by the expression below:
Y = f(s) = f(Xn=g Wax, + b) (11.15)
With N number of inputs

11.4.4. Neural network types

There are several models of artificial neural networks of which we can cite:

= Perceptron

The Perceptron is a self-organizing system proposed by Roosenblatt. Its main purpose is to
solve the problem of explaining brain function in terms of brain structure. It has technological
applications as a pattern recognition device. It is a supervised learning of binary classifiers

that perform calculations to detect patterns or trends in the input data [52].

= Multilayer Perceptron

Multilayer Perceptron (MLP),is an extension of the Perceptron model containing one or more
hidden layers connected from lower to upper layers (Figure 11.8).

The main objective over MLP is to optimize the layers and neurons number for suitable
network with sufficient parameters and good generalization for classification or regression
task [53].
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= Radial basis function

Radial basis Functions (RBF)surfaced in late 80’s as a variant of ANN are embedded in three
layers, a nonlinear input, a hidden layer where the unit implements a radial activated function

and a linear output where the units implement a weighted sum of hidden unit outputs.

RBF networks has a verity of properties such as localization, functional approximation,
interpolation, cluster modeling, quasi-orthogonality and the ability of modeling complex
mappings [55].

= ADALINE

ADALINE (Adaptative Linear Element) was introduced by Windrow basing on the work of
Mcculloch and Pitts. The ADALINE architecture seems to be similar to perceptron one, with

a linear activation function[56].
For a problem with N inputs, the ADALINE output is expressed as:

Y =3 w,x, (11.16)

The ADALINE learning was carried out using Widrow rule that consist of minimizing the

quadratic error Err [57] :

Err = 23N, (Ta®™ - y®)* (1.17)

Where: N is the total number of training samples; Ta and Yare respectively the target and

calculated outputs correspondents to N examples.

=  Convolutional Neural Network

A convolutional neural network (CNN), is designed for processing structured arrays of data
such as digit and images. It is composed of convolutional layer and a fully connected layer,
which is the final layer, feeded to the NN and a pooling step that reduces the activation map

dimensions, keeping only the important data [58].

=  Probabilistic neural network

A Probabilistic Neural Network (PNN) is a feed-forward neural network composed of four

layers: input layer, pattern layer, summation layer and output layer.
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It can estimate the probability density function of a given group of data. PNN is used for
classification, using a statistical memory-based approach, and pattern recognition, using

kernel functions.

The PNN is based on the concept of traditional probability theory, such as Bayesian
classification and other estimators for probability density functions, to build a neural network

for classification [59].

= Hopfield neural network

Hopfield neural network introduced by Dr. John J. Hopfield in 1984 is a symmetrical, fully
connected, two-layer recurrent network that acts as a nonlinear associative memory and is
particularly efficient at solving optimization problems. The network is only suitable for
bipolar or binary inputs and implements energy functions. Learning is performed by setting
each weight that connects two neurons to the product of the inputs from those two neurons.
When an incomplete or noisy pattern is presented, the network responds by getting the

internally stored pattern that is closest to the presented pattern [60].

11.4.5. Learning neural networks

Artificial neural networks include three categories of learning [34]:
= Unsupervised learning

Used when there is no knowledge of the desired outputs for the given inputs. It is a learning
algorithm that adjusts the weight of neural links to maximize the classification quality of the
inputs[34].

= Reinforcement learning

Used when there is no direct knowledge of the ideal outputs; there is some way to know if the
outputs are moving towards or away from the desired output. The weight, in this case, are

adjusted randomly [34].
= Supervised learning

Where the algorithm trains on a set of labeled data and changes until it is able to process the
data set to achieve the desired result. The learning in this case is easier and faster because the
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weights are adjusted directly switch the calculated error from the difference between the

obtained and the desired outputs [34].
11.5 Scalar indicators

11.5.1. Moments
Traditional scalar indicators or moments make it possible to follow the evolution of a
signal[61]. When the signal is represented by a sequence of discrete values x(i), (i = 1,2, ...,

N), the statistical characteristics the most commonly used are defined as follow:

= Mean value is the average value of a signal[61].

£=-3N, x (11.18)

= RMS (Root mean square)value is an estimator of the average power in vibration

system that increases with the severity of the defect [61], [62].

Xams = D (4)? (11.19)

= Skewness parameter measures the degree of asymmetry through its probability density
function [62], [63].
¥ —%)°

Koo = ZELTE (11.20)

with ¢ is the standard deviation.

= Crest factor measures the spikiness and the impulsions of a signal [62], [63].

Xop = 2otk (11.21)

= Kurtosis measures whether the data are peaked or flat relative to a normal distribution
(Figure 11.9) [63].
A signal's kurtosis is determined by the fourth order moment of the amplitude
distribution; defined as:

2?21(951'_3?)4

X = HELIEE (11.22)
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Figure 11.9 Kurtosis measurement

11.5.2. L-moments

In 1990, Hosking introduced an extended form of traditional scalar indicators (moments)
called L-moments defined as [64], [65]:

L =r ' (D (" DEXK, k) T=123.. (11.23)
The first order I-moment (L,) defines the L-location parameter, represented as follow:
L, = E(X;) = E(X) (11.24)
E(X) is the anticipated value of the variable X.
The second L-moment (L) is the L-measure for the dispersion of the distribution.
L, = %E(Xz:z) - %E(Xl:z) = %E(Xz:z — X1:2) (11.25)
The third L-moment (L3) provides the L-measure for the asymmetry of the distribution of X.
Ly = §E(X3:3) —éE(Xzs) +§E(X1:3) (11.26)
The ratio of the second to the first L-moments is called the L-coefficient of variation (L — cv).
Ly

L—cv=2 (11.27)

1

The L — Skewness, obtained by division between the third and the second L-moments.

L — Skewness = 2—3 (11.28)

2
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The L-kurtosis, defined as division between the fourth and the second L-moments[66].

L — kurtosis = = (11.29)

2

1.6 Conclusion

After the explanation of time-frequency methods throughout this chapter, it seems clear that
the wavelet packet decomposition represents the best time-frequency tool for signal
processing and fault diagnosis. It is for this reason that we have exploited this method
combined with the multilayer perceptron neural networks, the most used for classification, in
order to diagnose a set of defects of an induction motor, by exploiting vibration signals and

stator currents; all this will be explained and detailed in chapters 3 and 4.
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Chapter 111 Diagnosis of bearing defects by vibration analysis

I11.1 Introduction

Since the performance of IM machines heavily depends on the application of appropriate
maintenance methods, the intensive development in the diagnosis and faults detection in these
machines has motivated many researchers to work on these issues to keep machines in proper
operation to avoid damages and downtimes. Due to a number of factors, bearing defects
account for 40 to 50 percent of induction machine failures. These defects may appear on the
rolling element bearing inner and outer races, balls, and cages as a result of wear, incorrect
lubrication, overheating, wrong mounting, poor bearing selection, faults in the bearing
material, and manufacturing errors that alter vibration signatures. Thus, the prognosis of
bearing defects has been the focus of numerous research investigations in past few years [67],
[68]. Because vibration signals analysis techniques provide significant defects data, they are
used in the majority of studies analyzing bearing problems, emphasizing on the time domain
[69], [70], frequency domain, such as the Fourier transform, and time—frequency domain
techniques in signal processing. The time-frequency technique, particularly the wavelet
transform, has gained popularity in recent years. This is because both stationary and non-
stationary signals can benefit greatly from the variable width analysis window's excellent
time-frequency analysis. In contrast to the Short-Time Fourier Transform (STFT), which faces
the issue of resolution when the window's width is left fixed. Choosing a narrow window
results in good time and bad frequency resolution, and vice versa, if a wide window is chosen,
poor time and excellent frequency resolution. As it allows the decomposition of all frequency
sub-bands, improvements in Multi-Resolution Analysis (MRA) have made substantial
progress in the theory and application of Wavelet Packet Decomposition (WPD) in the field of
fault diagnosis [15], [70-73]. Because it makes it possible to break down all frequency sub-
bands. Since they provide accurate information on the faults, Wavelet Packet Transform
(WPT) coefficients can be employed directly as characteristics or indicators. Energy, for
example, and other WPT coefficient-related data can also be employed as indicators [13], [75].
On the other hand, a number of intelligent classification systems, including support vector
machines (SVM) [76], [77], artificial neural networks (ANN)[78], and adaptive neural-fuzzy
inference system [79], have been created and used for monitoring and diagnostics. In
nowadays, a lot of studies[28], [80], [81] have combined time-frequency and intelligent
classifier algorithms while employing conventional scalar indicators. This makes it feasible to
track the development of a signal-derived variable used as an input by Al classifiers, such as
the WPT coefficients. However, Sellito used L-moments (L-skewness, L- variability, L-
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kurtosis,...), an extended variant of conventional moments (skewness, variability, kurtosis,
etc.), in his study [82]. Whereas in [66] based on prior research, the author confirmed the
efficiency of kurtosis above other traditional vibration characteristics. Some documented
literature [81-86] has conducted experiments on fault diagnostics utilizing L- kurtosis and
confirmed its superiority over Kurtosis technique on a number of common signals due to
several drawbacks. The key benefit of L-kurtosis over kurtosis is that the estimated
parameters are more precise and robust to outliers in the data.

Despite these findings, it is clear from the literature that there hasn't been much attention paid
to the issue of defect identification of rolling element bearings in particular, mainly in terms
of diagnosis using L-kurtosis as an input for Neural Network Classification. Therefore, in the
present paper, L-kurtosis is introduced as a new vibration analysis feature and propose a
method for diagnosing and classifying defects in rolling bearings using an intelligent
classification system. This classifier is based on Multi-Layer Perceptron Neural Networks
(MLP-NN) and the wavelet packet decomposition (WPD). The coefficients of the WPD will
be used to extract the indicators while energy and L-kurtosis will train the Neural Network.
The classification performance of the proposed technique is evaluated and discussed. In this
paper the main motivation and contribution with the theoretical background of bearing defects,
WPD, Energy and L-kurtosis are explained and detailed. Then the proposed methodology and
data acquisition (vibratory signals) are described. Finally, the proposed method is applied to
different and combined faults to verify its effectiveness and the obtained results are discussed,

then a comparison with recent procedures of bearing defect diagnosis is given.
I11.2 Motivation and contribution

Numerous papers have recently emphasized on diagnosing bearing faults using an Al
classifier and new features extraction techniques [21], [81], [89], [90], [91], [92], [93], [94].
Regardless, the effectiveness of the chosen procedures and features that provide more details
about the type of defects determines how well the proposed procedure will perform. Therefore,
a novel combination of features for bearing element problem identification is introduced in
this work. The following are the main contributions and motivations of the present work: (1)
The classification of impacted rolling element bearings that have not been widely considered,
such as poor lubrication, lack of lubrication, and combination of broken cage and lack of
lubrication. (2) In addition, a novel feature (L-kurtosis) extracted from WPD coefficients was

employed for training an ANN classifier. Using an experimental set-up for data acquisition
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(vibratory signals) at different speeds, the proposed method is validated.
II1.3 Proposed Methodology

The flowchart depicted in Figure I11.1 outlines the proposed methodology introduced in this

paper, comprising three essential and crucial stages:

Vibration signal

Data aquisition

Decomposition of signal by WPD into 3 levels

Eenergies computation and L-kurtosis of each terminal sub-band

Bearing defects classification using NN tool applied on energies-L-kurtosis.

Figure 111.1 The proposed methodology

Step 1: Wavelet packet transform (WPT) decomposes signals into three levels using
Daubchies mother wavelet (db6), with level 3 being the best suitable for fault diagnosis of
bearing problems, according to S. Djaballah and al. [22].

The signal is divided into low and high frequencies at each level using a low pass filter and a
high pass filter, respectively. The experimental setup's maximum sampling frequency of 8
KHz is utilized in the current work, resulting in a maximum reconstructed bandwidth of 4000
Hz. The bandwidth used by each packet in this scenario for a depth of 3 corresponds to 500
Hz, as shown in Figure I11.2 in accordance with equation (I11.1) that represents the maximum

value of each node[95].

() = (1)« (fs/2j> (11.1)

With: j: decomposition level, n: node and fs: sampling frequency.
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Figure 111.2 WPD tree with depth of 3

Step 2: Indicators computation (energy and L-kurtosis) for the third level coefficients
obtained from step 1.

* Energy computation

Each sub-band signal's energy level correlates directly with the severity of the defect and is
therefore regarded as an indicator of the bearing condition. Thus, the equation written below

[13], [79] defines the energy in each sub-band at a decomposition level (j):

E* =[x (o) dt (11.2)

With x]-” (t)are the wavelet packet coefficients

Similarly, when the signal is represented by a sequence of discrete values x (i), (i=1,2, ..., N),

the energy is computed as shown by the following equation:

B = 3 % (i)’ (111.3)

* L-Kurtosis computation

Hosking introduced the L-kurtosis as an alternative distribution character measure in 1990
[96]. It is derived from Sellitto's L-moment[82]. The fourth order L-moment (L-kurtosis),

mentioned in chapter 2 is related to L, and L, quantities given by:

Ly = 2085 — 308, + 128, — Bo

Wh :{
ere L, =2, — Po

(111.4)
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With B, B1 , B2 and B3 coefficients, computed as following equations:

( Bo=N13N x
_ n—1vN (i-1)
Br=N" 2% [—(N_l)

_vien L [G-DG-2) (I11.5)
Pa=N i=3%i [(N—l)(N—Z)
— N-1VN (i—-1)(i—2)(i-3)
s = N7 Liza X [(N—l)(N—Z)(N—3)

Step 3: Classification of bearing faults using MLP-NN, with combination of energy-L-

kurtosis as input

III.4 Data acquisition

The measurement setup shown in Figure I11.3 is used to acquire data (vibratory signals). A
typical cage induction machine (0.37 kKW; 1 pole-pair; 380 V; 1.1A) with an encoder, a PC, a
USB measuring device, an accelerometer, an elastic claw coupling, a vibration analyzer, a
bearing unit, a balanced flywheel (load). The control unit with a frequency converter has the
role of gradually adjusting rotational speed. Additionally, the control device has indications
for the rotational speed and absorbed motor power. The vibration signals are measured at
sampling frequency of 8 KHz, for three rotational speed 500 rpm, 1000 rpm and 2000 rpm,
under four different operating situations, healthy case, improper lubrication (IL) (lubricant +
humus), lack (absence) of lubrication (LL) and a combination of two faults (lack of
lubrication + broken ball cage) (LLBC) as shown in Figure 111.4. The parameters of the
bearing geometry are indicated in Table I11.1.
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Accelerometer

Induction motor

. Coupling - i

W

Figure 111.4 Bearing defects: a) improper lubrication, b) combination of lack of lubrication
and broken bearing cage, c¢) lack of lubrication

Table I11.1 Bearing parameters: ball bearing 6004-2RSH SKF

Inside diameter  Outside diameter  Thickness Ball diameter Pitch diameter Number
(mm) (mm) (mm) (mm) (mm) of balls

20 42 12 6 31 9

I11.5 Results and discussions

First, a set of vibratory signals was acquired under different states (Figure I11.5) using an
accelerometer. The coefficients obtained by WPD at a depth of 3 are then calculated using the

wavelet Daubchies 6 (Figure 111.6) to create the inputs (energy and L-kurtosis).
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Finally, Multi-Layer Perceptron Neural Network is used to diagnose and classify bearing
faults (MLP-NN). For the categorization of bearing faults, the MLP-NN is used. Table 111.2
provides a summary of the MLP-NN design parameters.

Table 111.2 MLP-NN design parameters

Network input distribution

Training [108 signals for each case with 820 samples for each signal] 70%
Testing [48 signals for each case with 820 samples for each signal] 30%
Learning type Supervised

Activation function

Hiden layer Tangent Sigmoid
Outputlayer Purlin
Performance MSE
Weights initialization Random
Stopped criteria

Minimum gradient 107
Maximum Epochs 1000
Mu 0.001
Inputs [EY, E3, E2,E3, ES,E3,ES, E, LKY, LK}, LK?, LK$, LK{, LK3, LK?, LK ]

The MLP-NN classifier is depicted in Figure 111.7. It is made up of an input layer with 16
inputs, a single hidden layer with 20 neurons, and an output layer. The number three denotes
the amount of bit binary code required to encode the various classes taken into consideration

in this work, as shown in Table I11.3.

Hidden Layer Output Layer
Input Output
: wl wl / i
16 b Lo— b Lo— 3
20 3

Figure 111.7 MLP-NN architecture

The performance rate is calculated by dividing the total number of classification tests by the

number of correct classifications:

t.% = 22100 (111.6)
N¢

N is the total number of tests, and N, is the number of correctly classified samples.
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The vibration signal is measured at an 8 KHz sampling rate. In this case, database signals are
chosen for various shaft rotor speeds and bearing conditions (Normal, IL, LOL, and LOL +
BBC) (500 rpm, 1000 rpm and 2000 rpm). Consequently, four categories of faults (Figure

[11.8) are taken into account and categorized in accordance with Table 111.3.

Table 111.3 Bearing defects codification

Bearing conditions Class Code classes
Normal 1 000
IL 2 100
LL 3 010
LLBC 4 001

Healthy case (normal), improper lubrication (IL) (lubricant + humus), lack (absence) of
lubrication (LL) and a combination of two defects (lack of lubrication + broken ball cage)
(LLBC).

WPD MLP-NN
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Figure 111.8 ANN classifier structure with 4 classes

Figure 111.9 and Figure I11.10, Represent the regression line and the classification results of

bearing defects using energy-L-kurtosis indicators as inputs respectively.
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Table 111.4 Classification performance

MLP-NN Regression  Performance rate t,.(%)

Number of inputs Number of classes

16 4 0.9926 99.47

Table 111.4 lists the indicators used to create the input vectors, the classes involved, the total
number of regressions, and the performance the algorithm achieved utilizing the inputs from
the "Energy-L-Kurtosis" pair. The accuracy of the suggested method in classifying faults
above other previously used methods is demonstrated by the Neural Network performance
when classifying test set data into the 4 classes, which is equal to 99.47 percent. This is as a
result of its resistance to outliers. These results demonstrate the effectiveness of the suggested
approach to enhance the classification of bearing faults even when the speed is altered

significantly.
I111.6 Comparison with recent literature of bearing defect classification

In order to illustrate the potential application of the proposed method, a comparative study on
the current work and several defect diagnostic techniques are discussed.

The works carried out on the bearing defect classification focuses on the common defect types
that are outer race, inner race, cage and ball defects; these works can be found in[27], [89-93],
[96-99] that proved their higher performances; but these researches are based on complex
feature extraction procedures. For example, in [90] Attoui and al. proposed a long algorithm
that includes four key steps: data acquisition, feature generation, feature selection, and defect
classification. For this, they employed, while basing on the envelope model, the following
methods: the DWPT (discrete wavelet packet transform), the FFT (fast Fourier transform) and
the ANFIS (Adaptive Neuro-Fuzzy Inference System). The same for Huibin Zhu and al. [97]
as they proposed combined methods called wavelet packet transform- Multi-Weight Singular
Value Decomposition (WPT-MWSVD) to extract entropy value for Support Vector Machine
training. The methodology of Niloofar Gharesi and al.[91] is based on generalized
discriminant analysis for feature extraction, and WNN (Wavelet Neural Network) for
classification with no load or speed variation which is the case of the research work presented
in [100]. In [28] Pavan Agrawal and al. have combined between Continuous wavelet
coefficients and support vector machine; but, as in [98], [99] they used more than six
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statistical indicators to train the classifiers. The researchers in [92] have applied a model,
based on mathematical matrixes, called graph modeled singular values besides to Kernel
Neural Network for bearing defects classification. Zhuyun Chen and al.[93] and Amrinder
Singh Minhas and al. [94] have achieved a good performance of 98.93% and 98%

respectively while using more simple feature extraction methodologies.

The present research [101] aims to identify different impacted element bearing cases such as
poor lubrication, lack of lubrication, and combination of broken cage and lack of lubrication
with different rotational speed 500, 1000 and 2000 rpm. The experimental results confirm the
high performance of 99.47% in identifying several bearing defect types for only 2 features,
energy and L-kurtosis, which have not been used before as an indicator for classification,
employing only wavelet packet decomposition as a feature extraction method and MLP-NN
as classifier.

I11.7 Conclusion

This work investigates a combined WPD and ANN technique to increase the accuracy of IMs
bearing defects detection and classification. For a variety of faults and faults severities,
vibrational signals acquired by experimental setup are decomposed using the WPD. In order
to classify bearing faults, two indicators, energy and L-kurtosis of each terminal third level
sub-band are computed. The findings validated the performance of the suggested strategy
when L-kurtosis is used as an indicator for bearing defect detection. Additionally, the
proposed MLP-NN provided a greater classifying percentage, nearly perfect accuracy, and
performance for bearing faults. It can be said that the proposed methodology can be expanded
to find other induction faults.
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Chapter IV Diagnosis of mechanical defects by vibration analysis

IV.1 Introduction

Despite the development, which affects all fields, induction motors remain essential machines
in the industrial world, and researchers are constantly investigating these machines and

developing diagnostic methods in order to ensure their availability.

Our research in this part aims to address five types of defects, which are not fairly treated in
previous researches: load unbalance, parallel misalignment, improper lubrication, lack of
lubrication, combined defects of broken cage + lack of lubrication. We present a novel
methodology based on the WPD energy, the MLP-NN that, is the easiest and most popular Al
technique for its application and the statistical parameter I-kurtosis. The WPD represents the
best time-frequency method due to its better resolution over the other time-frequency
approaches for ability to decompose both high and low frequencies of the considered signal.
The L-kurtosis introduced as simple indicator switch the variation of its values used to
indicate the defects such as in [101-103], but not considered previously as a feature of

classification despite its precision and its robustness to outliers.

This method is carried out on the vibratory signals of asynchronous motors at two different

speeds to detect three main types of defects: bearing faults, load imbalance and misalignment.

The obtained results show the reliability of the proposed method with high accuracy, which

encourages its use in the detection of other defects.

IV.2 Vibration technique

Vibration technique is generally used for the detection of mechanical faults, according to the
data provided by the vibration signals, using sensors. Thus, there are three types of sensors[8]
. acceleration sensors; speed sensors limited to low frequency response; and displacement

sensors which are eddy current electrical sensors with non-contact measurement.

The various vibration data acquired are used for the determination and validation of various
defects [6] change their frequencies as shown in Table 1V.1[4], [44], [105], [106].
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Table V.1 Characteristic frequencies of IM defects on vibration signals

Defect Additional frequency components of vibration

=Zf/2|1+ 2 cos a ) for inner race defect;
D

= 7£./2 (1 = Lcos a) for outer race defect;
fo=2f/ >

Bearing f, = Zf./d (1 - i—zcosz a) for ball defect;

defects )
fi = f.%/2 (1 — - cos a) for train defect;

Z: number of rollers/balls, d: diameter of the rolling element, D: diameter of the
pitch circle of the bearing, o: the contact angle in radians, and f; is the frequency of

rotation.

forb = frEfp
fp = (fsu _fr)p

fo: pole passing frequency, p: number of poles and fs,: supply frequency

Broken

rotor bars

V.3 Description of the test bench
The designed experimental setup (Figure 1V.1) is composed from:

= Motor group Composed of a three-phase motor with encoder, it is mounted on the second
end of the shaft. The motor is mounted on a base plate with alignment device. This device
allows horizontally align the axis of the motor. The motor specifications are: 0.37 kW; 1 pair
pole; 380 V; 1.11A,;

= USB measuring device consisting of 37-pin D-sub connector for connection to the
measuring amplifier and USB Port for PC connection.

= Accelerometer which are piezoelectric sensors with integrated electronic circuit. The sensors
convert the vibrations measured in electrical signals. The sensitivity is 100 mV/g, with g in
m/s?;

= Vibration analyzer or measurement amplifier supplies the sensors current acceleration and
amplifies the signals acceleration sensors. Switches knobs allow you to select the
amplification between 1, 10 and 100. Then the signal is digitized in the USB measuring
device and transferred to the PC where it is processed. The set amplification factor is also

transferred to the PC and displayed in the software.
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= Control unit which contains a frequency converter intended to regulate gradually the speed
of rotation. The control unit also contains the rotation speed indicator and an indicator for
the power absorbed by the motor;

= Elastic claw coupling;

= Bearing unit;

= Balanced flywheel (load);

The vibration signal used in our application, was collected at sampling frequency of 8 KHz,
for two rotation speed 1500 rpm and 2000 rpm, under different operating conditions as
represented in Table 1V.2 and Figure IV.2. The parameters of the bearing geometry are
indicated in Table 1V.3.

Accelerometer

Induction motor

b) lack of
lubrication, c) improper lubrication, d) load unbalance, e) parallel misalignment
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Table 1.2 Operating conditions of the collected data

1500 rpm | 2000 rpm
Healthy state v v
Parallel misalignment 0.5 mm v v
Load unbalance 2 v v
Lack of lubrication v v
Bearing defect Lack of lubrication + broken cage v v
Improper lubrication v v

Table V.3 Bearing parameters: ball bearing 6004-2RSH SKF

Inside diameter  Outside diameter  Thickness Ball diameter Pitch diameter Number
(mm) (mm) (mm) (mm) (mm) of balls

20 42 12 6 31 9

The three defective cases are defined as follow:
= Misalignment

Misalignment is a condition in which the drive machine shaft and the driven machine shaft are
not on the same centerline. There are three types of misalignment: parallel, angular and

general misalignment, as shown in Figure 1.3 [107].

o o pf ©

Figure 1V.3 Misalignment: a) parallel, b) angular, c) general

= Load unbalance

Load unbalance defect is defined as a non-uniform distribution of the mass around an axis of
rotation by placing additional weights on a balanced metal disk (Figure 1V.4). This mass
provoke a centrifugal force which induces torque oscillations at particular frequencies often
linked to the mechanical speed of the motor [13]. Switch [108], within the vibration analysis,

the amplitude of the motor speed decreases with the increase of the load.
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Figure 1V.4 Load unbalance

= Bearing defect

The statistical study of IM's defects indicate that bearings failures represent more than forty
percent of the IM defects. These defects can be occurred on several components of the rolling
element bearing (inner and outer races, rolling elements and cages) as shown in Figure 1V.5

owing to several factors such as [6], [105], [109]:

a. Lubrication failure: related to insufficiency, degradation or lubricant impropriety that can
lead to bearing overheating.

b. Corrosion and contamination: caused by the insertion of foreign particles into lubricant or

deteriorated corrosive solution.
c. Excessive load that means application of load excessively.

d. Incorrect assembly and misalignment: the interference fit mechanism should be used for

mounting bearings on rotating rings and the lock nuts must be tight.

Bearing issues appears in additional frequencies that express each type of defect as follows:

( for (Hz) =7 f, (1~ 22 cosa)
fir (Hz) = %fr(l + ?—Zcosa)
fz (Hz) = f, 2%) [1 - (ﬁ—z cosa)z]
f.(Hz) = ];—r(l - g—gcosa)

(IV.1)

\
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Where: Z: number of rollers/balls, Bp: ball diameter, Cp: pitch circle diameter of bearing,

a:the contact angle in radians, and f; is the rotational frequency.

Outer raceway /lnner raceway

Cage-

Figure IV.5 Bearing components

IV.4 Proposed methodology

The proposed methodology for this research [110] can be resumed by the flowchart (Figure
IV.6). It consists of: (1) decomposition of signals into three levels by WPD using Daubechies
mother wavelet (db6). (2) Calculation energies and L-kurtosis of each terminal subband of the
third level of the WPD. (3) Classification of IM defects using MLP-NN, by giving energies

and L-kurtosis values as inputs.

Data acquisition
of a three phase
induction motor
vibrational signals

Decomposition of signals into three
levels by WPD using Daubechies
mother wavelet (db6)

v
Classification of IM defects using Calculate energies and L-kurtosis
MLP-NN of each terminal subband

Classification into 6 classes: healthy state (HS); parallel
misalignment (PM); load unbalance (LU); lack of
lubrication (LL); lack of lubrication+ broken cage
(LLBC); Improper lubrication (IL)

Figure 1V.6 Proposed methodology
1VV.5 Results and discussion

In order to validate the proposed method, a set of vibration signals obtained from the
experimental setup at different operating conditions are exploited. For each case, 12 signals
are measured, where each signal is composed from 820 samples. The 144 signals, in total, are
decomposed by the WPD using the mother wavelet Daubchies 6 at depth of 3.
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Figure 1V.7 and Figure 1V.8 present the original signal and the eight nodes resultant from the
WPD at depth of three, of the two first cases: healthy state and parallel misalignment, at a
rotational speed of 2000 rpm.

Through a visual comparison of the two figures, Figure 1.7 and Figure V.8, we remark that
the amplitude of the original signal in the defective state as well as the signals resulting from
the wavelet packet decomposition, are much more important than the vibratory signal
amplitudes taken from the machine in a healthy state.

The different signals of the nodes are used to extract the values of energies and L-kurtosis in
order to train the artificial neural network. Table IV.4 represents some values of the two
indicators: energy and L-kurtosis, taken from the same sub-band for each operating condition,
we have taken the example of the node (3, 0) where the values are most significant. It can be
noticed that the increase in the severity of the defect treated, increases the value of the energy,
the same for L-kurtosis, although the value of the energy increases intensively, the value of L-

kurtosis varies slowly which prove its robustness to outliers.

These values variations helped the neural network presented in this paper to make the right

classification decision.
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Figure 1.7 Original signal and terminal sub-bands in a healthy state
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Figure 1V.8 Original signal and terminal sub-bands in case of parallel misalignment

Table 1V.4 Samples of energy and L-kurtosis values from node (3, 0)

HS PM LU LL LLBC IL
Energy 5.526 22.542 498.996 59.328 269.487 619.726
L-kurtosis 0.091 0.100 0.137 0.108 0.134 0.144

The indicators, energy and L-kurtosis, calculated from the WPD terminal subbands are
introduced to train the Neural Network classifier.

The classification of the IM defects are performed by Multi-Layer Perceptron neural network
(MLP-NN) (Figure 1V.9). Thus, 96 examples (signals) are used as training inputs and 48
examples as testing inputs, the rest of parameters used for neural networks are grouped in
Table IV.5.

Table IV.5 MLP-NN design parameters

Learning type Supervised
Activation function

Hiden layer Tangent sigmoid
Output layer Purlin
Performance MSE
Weights initialization Random
Stopped criteria

Minimum gradient 107
Maximum Epochs 1000
Mu 0.001

49



Chapter IV Diagnosis of mechanical defects by vibration analysis

Hidden Layer Qutput Layer

Input

16

20
Figure 1V.9 MLP-NN architecture

In order to facilitate classification, the studied IM defects are coded as represented in Table
IV.6.

Table 1.6 IM defects codification

IM conditions class Code classes
HS 1 100000
PM 2 010000
LU 3 001000
LL 4 000100
LLBC 5 000010
IL 6 000001

Figure 1V.10 represents the experimental train and test outputs, which shows that the accuracy
of the MLP-NN when classifying data according to the types of defects (6 classes) is equal to
100 % with small errors that can be observed by the slight variation in values around the
target outputs presented by the code classes in the same order as mentioned in Table 1V.6;
with a total regression of 0.99893 (Figure 1V.11). The regression coefficients indicate that the
neural network model performs extremely well on the training, validation and test sets, with
slight dispersion of points around the line which indicates good prediction performance,

suggesting that the model is well regularized and generalizes well.

The present results confirm the effectiveness of the proposed method for IM defects

classification under different load conditions.
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Figure 1V.11 Regression line of training MLP-NN

1VV.6 Conclusion

This work examined the efficiency of the proposed methodology based on the combination of
two methods of different types, the wavelet packet decomposition and the multilayer
perceptron neural networks, by introducing the two statistical parameters: energy and |-
kurtosis, calculated from each terminal subband of the WPD, as inputs to the classifier.

This methodology was carried out on an induction motor with two different speeds in order to

detect three categories of defects: bearing defect, load unbalance and misalignment.

The obtained results show the reliability of the proposed method, which encourages its use for
the detection of other defects.
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General conclusion and perspectives

Fault diagnosis represents a very important area of research. If the location and time of faults
occurring in machines can be detected correctly, then appropriate measures can be taken to
avoid further degradation and serious damage to components, and avoid certain safety issues

in advance.

This thesis is a continuation of the work on fault diagnosis of AC motors, the main objective
of which is to establish a simple and effective methodology based on the time-frequency

method for fault diagnosis.

The first chapter presented a bibliographical review of research work carried out on

asynchronous motor faults and currently emerging diagnostic methods and techniques.

A general view of the signals and the main time-frequency transformations as well as scalar
indicators and artificial neural networks were detailed in the second chapter in order to choose

the most suitable combination for our research.

After the explanation of time-frequency methods, it seems clear that the wavelet packet
decomposition represents the best time-frequency tool for signal processing and fault
diagnosis; it is for this reason that we exploited this technique for diagnosing induction motor

faults using vibration signals.

The methodology proposed in our work concerns three different stages that complement each

other:

= A time-frequency method represented by wavelet packet decomposition used to
facilitate the characterization of motor vibration modes

= The scalar indicator I-kurtosis and energy used to detect changes in the statistical
distribution of signals at different scales for different nodes of the wavelet packet
decomposition and to characterize the intensity of vibrations at different frequencies
and over different time periods of the latter respectively in order to have a reliable
classification of the different signals

= The multilayer neural network ultimately used for the classification of the different
defects processed

This method is applied for the diagnosis of bearing faults that represents a critical element for

motors as mentioned in chapter three.
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To validate the effectiveness of the proposed method, chapter four expose a second
experimental study was carried out by exploiting several types of faults with two different
rotation speeds while improving the operating conditions of the engine, which gave better

results.

The results presented in the two works confirm the ability of this method to describe the
behavior of the system. These results are associated with and adhere to other parallel work in

the context of fault diagnosis of asynchronous motors by analysis of vibration signals.
Our main contributions are summarized as follows:

= Diagnosis of bearing lubrication defects which is one of the main causes of bearing
breakage

= Classification of combined induction motor defects that have not been widely studied

= The integration of a new combination of indicators (L-kurtosis and energy) extracted
from WPD to train the MLP-NN classifier to diagnose several IM faults

= A data collection system was used to evaluate the suggested methodology at different

motor rotation speeds
The perspectives of this work are numerous and obviously require additional developments:

= Exploitation of the proposed methodology to diagnose other types of combined faults

= Exploitation of other combinations of scalar indicators to help identify defects

= Proposal of a shared and reliable method for different types of signals

= Exploitation of other artificial intelligence techniques for fault diagnosis and
classification methods

= Consider fault diagnosis of other new renewable energy source equipment and new

technologies such as electric vehicles
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