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Abstract

Nowadays, there are many methods to detect and diagnose defects in mechanical components
during operation. The newest methods that can be found in the literature are based on
intelligent classification systems and evaluation of patterns to obtain a diagnosis, however there
is not any standard method to assess features. Wavelet Packet Transform (WPT) allows to obtain
interesting patterns for evaluating the condition of rotating elements. To perform this
calculation, it is necessary to select a series of parameters that affect the resulting pattern. These
parameters are the decomposition level and the mother wavelet function. A detailed
methodology for the selection of the mother wavelet is proposed, which is the aim of this work,
in order to obtain the most suitable patterns in the diagnostic task. This proposed methodology
is applied to data obtained from a rotating shaft with a crack located at the change of section.
These signals were measured at low rotation frequency (below the critical rotation frequency)
and without eccentricity, where detection becomes more complex.
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1. Introduction

Currently, maintenance is one of the most important tasks in the industry. The implementation
of a good predictive maintenance can indicate the best moment to solve a problem, avoiding
unnecessary production stops, thus extending the life of the elements of a machine without
compromising the quality of the products and maximizing production. Nowadays, in rotating
machinery, the trend is to apply condition monitoring, since it is very interesting to know the
condition of the components of a machine during operation, without the need to dismount the
elements, thus achieving a safer, cheaper and faster maintenance. So, along with other
knowledge, this is object of study in several works (Bachschmid and Penacci, 2008) (Hodge et
al., 2015) to properly implement it in the industry.

To detect any changes in the performance of a machine, which may be due to the appearance
of a failure in one of its components, and within condition monitoring, vibration analysis is
normally used. For example, to diagnose defects it is common to analyse the vibratory signals
that are produced during the machine operation. Some studies apply tools in the frequency
domain, like the Power Spectral Density (PSD) (Mohammed et al., 2014) or Empirical Mode
Decomposition (EMD) (Bustos et al., 2018). But in the particular case of shaft crack detection it
is more common to use methods based on wavelets (Gomez et al.,, 2016c). The Wavelet
Transform (WT) is well established for prognosis. Some works (Peng and Chu, 2004) (Chen et al.,
2016) use WT and more specifically, the Wavelet Packet Transform (WPT) is used in other works
(Gomez et al., 2016a; Jayakumar and Thangavel, 2017).

For diagnosis, the WPT is used in several fields to analyse: vibration (Garcia-Plaza and Nufiez
Lépez, 2018; Liu et al., 1997), acoustic (Bianchi et al., 2015) or ultrasonic signals (Meghnefi et al.,
2004), earthquakes and aftershocks (Rajabi and Ghodrati Amiri, 2020), etc. One of the main



challenges is to select the most suitable mother wavelet for each case, because the results may
change using one mother wavelet or another (Ngui et al., 2013).

Sine or cosine functions do not always quickly adjust to the study signal, which is the main
concept of Fourier tools. This is why other functions are used, mother wavelets, which tend to
be irregular and asymmetric and allow greater adaptability and better convergence to the study
signal. Several works (Dremin et al., 2001) say that if a good mother wavelet is selected, the
study signal can be more properly decomposed. Moreover, wavelets are also used for signal
denoising, as in the case of (Chiementin, et al., 2011).

To do any wavelet analysis, it is necessary to choose a suitable mother wavelet. There is no clear
algorithm in the literature to select the best one, but it is common to adhere to two criteria:
some researchers (Ngui et al., 2013) propose the visual inspection and experience as important
criteria, that is, the similarity of the shape of the mother wavelet with the expected variation of
the study signal, and other researchers (Zhang et al., 2005; Galawi et al., 2015) propose to test
different functions and choose the one that shows the best results.

This work selects the most suitable mother wavelet to use in condition monitoring, specifically,
to diagnose a crack in the change of section of a shaft. For this, a methodology is proposed, in
which three different families of functions with similar properties and that are common in the
literature to detect defects in rotating elements are studied. The parameters that allow to
determine the most suitable mother wavelet to obtain an identification pattern for automatic
detection of cracks in a shaft, will also be the object of this work.

This methodology will be applied and validated using noisy vibratory signals obtained from a
cracked shaft at a rotation frequency of 60 Hz. For this, a WPT analysis will be done, using each
mother wavelet at a decomposition level of 3. It has been verified that higher decomposition
levels show no variation in results, so 3 has been chosen to minimize computational cost. The
studied shaft is a scale model of a railway axle and it has been cracked with a crack whose depth
has been increased after each test.

The WPT energy is calculated for each defect level and for different mother wavelets using a
programming code developed with MATLAB. Once the energy values for all conditions have
been calculated, the degree of energy variation (DEV) is calculated considering the energy of the
packets of each defect level and the energy of the packets of the healthy shaft. Finally, a
classification system will be performed for each mother wavelet that meets the previous criteria
to see which one shows better accuracy using a linear Support Vector Machine (SVM) model.

2. Wavelet Packet Transform

The Wavelet Transform (WT) (Mallat, 1998) provides information in both time and frequency
domain, which is an advantage over other tools such as Fourier, which only provides frequency
domain information. Machine defects, such as cracks in shafts, produce transient effects on the
signal that cannot be detected by obtaining information only in the frequency domain (Hou et
al., 2000).

The aim of the WT is to decompose the signal into different frequency components by means of
a translation (t) and an expansion (s) process of a function called mother wavelet 1. Wavelets
Y5 .(t) generated from the same mother wavelet (t) have different s and 7, but they have the
same shape (Eq.1):
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Where s is the scale factor and has a positive value and 7 is a real number that defines the shift
or translation. The scale factor and shift determine how the mother wavelet expands and
translates along the time or space axis. If s>1 it means that there is an expansion of the mother
wavelet along the horizontal axis. If the shift (t) is positive it means that there is a translation to
the right of the scaled wavelet along the horizontal axis (Riabova, 2018).

With the Discrete Wavelet Transform (DWT), the study signal is decomposed into a series of
signals restricted to certain frequency bands that form a basis of the functional space, complying
with properties such as orthogonality, size, location and smoothness. The DWT decomposes the
signal using digital filters and divides the frequency resolution of the signal into two equal parts
at each decomposition. One is the approximation (the one with the lowest frequency), and the
other is the detail (the one with the highest frequency). On the other hand, the Wavelet Packet
Transform (WPT) applies the DWT recursively to both the approximation (A) and detail (D)
coefficients at each decomposition level (Jensen and la Cour-Harbo, 2000). The DWT can be
implemented via filters, which are related to the mother wavelet. Decomposition is performed
by passing the signal x[k] through a low-pass filter g to obtain the wavelet approximation (4)
(Eg.2), and a high pass filter h to obtain the wavelet detail (D) (Eq.3).
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D[n] = x[k]h[2n — k] (Eq. 3)
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In order to apply the WPT, it is necessary to choose a mother wavelet and a decomposition level.
It is also interesting to calculate the energy of the packets E (k, j). The energy of a packet j at a
decomposition level k is obtained with the sum of all the squares of its coefficients, according
to (Eq.4):

(k)= ) wilk, )P (F9.4)

Where w;(k, j) represents the coefficients A and D of a packet according to (Eq.5):

W (k,j) = (wi(k, )), .. wy (K, )} = wi (k. )} (Ea.5)

In the literature (Jensen and la Cour-Harbo, 2000), a great variety of mother wavelet families
can be found, such as the functions of Daubechies, Coiflet, Meyer, etc. The objective of this study
is to select the most suitable mother wavelet to detect a crack in a shaft. Within each family of
mother wavelets, different order N can be selected. With this order, it is possible to know
properties such as the width of the window, the length of the filter and the number of vanishing
moments, among other properties. These are some parameters that justify why some functions
are more suitable than others depending on the application.

The most common families and the most important properties, are listed in Table 1.



Family/ Haar Daubechies Symlets Coiflets Mexican Hat Meyer
Properties

Order (N) = 1-45 2-45 1-5 - =
Orthogonal v v v v X v
Biorthogonal v v v X 4
Simmetry v X Approx. Approx. v v
Vanishing 1 N N 2N - -
moments

Filter length 2 2N 2N 6N - -
Window width 1 2N-1 2N-1 6N-1 [-5,5] [-8,8]
DWT 4 v v v X X
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Table 1. Mother wavelets families and properties.

Another important issue is to determine the number of vanishing moments, which is related to
information compression and noise elimination. This parameter allows to know the shape of the
wavelet (smoothness). Normally, the order N of the mother wavelet coincides with the number
of vanishing moments, except for the Coiflets family (Table 1). If the number is low, a lower
resolution is obtained and if it is high, it facilitates the detection of periodic components that
meet the condition of having as many periods as vanishing moments. Some studies (Gémez-
Luna et al.,, 2013) have proved that the higher the number of vanishing moments, the less
information dispersion, but this means higher time of calculation too. So, a trade-off between
both things is required.

The selection of the mother wavelet will depend on the study signal. For the case of electrical
signals, for example, several works (Santoso et al., 2000; Hong and Wang, 2005) use the
Daubechies family, because it has been traditionally used and presents good results, but there
is no scientific evidence that justifies this fact (Wilkinson and Cox, 1996). Specifically, db4 is
studied in (Butler and Bagriyanik, 2003; Chen and Zhu, 2007), because it has enough number of
vanishing moments to show up good results. However, works like (Gomez-Luna et al., 2013)
propose db6 as a good mother wavelet to analyse transient electrical signals. In (Gomez et al.,
2016a), the WPT energy is calculated using db6, to detect a crack located at the change of section
of a scale model of a wheelset axle. In this work and in other related ones (Gomez et al., 2016b;
Zamorano et al., 2019), the db6 has been proved to be a good function to obtain useful patterns
for shaft crack detection.

Another fundamental parameter to do a WPT analysis is the decomposition level. The original
signal is divided into each level. The number of components associated with a decomposition
level k is given by the expression 2*. Therefore, it can be verified that at level 3 there are 8
components. So, the level of decomposition indicates, the number of packets into which the
frequency is divided. Each packet has the same resolution.



3. Experimental test

To validate the methodology for selecting the most suitable mother wavelet in a diagnostic
system, vibration signals were obtained on a test bench. In Figure 1, an example of a vibratory
signal (healthy shaft) is shown.
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Figure 1. Example of a vibratory signal (healthy shaft). Figure 2. PSD of vibratory signal (healthy shaft).
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Figure 3.Example of a vibratory signal (cracked shaft).

To see if these signals are noisy, the PSD of the vibratory signal is shown in Figure 2. It is shown
for the healthy shaft case, because it is easier and clearer to see in the frequency domain. In
Figure 3 an example of a vibratory signal (cracked shaft) is shown.

It can be seen, with a naked eye, that the experimental signals are noisy, so with this, the
robustness of the proposed methodology is verified.

The experimental system is explained in detail in previous work (Zamorano et al., 2019). These
vibratory signals were obtained on a test bench from the company SpectraQuest Inc. shown in
Figure 4 and using an acquisition chain formed by an accelerometer (Briel & Kjaer 4383), a

Nexus signal conditioner (Briiel & Kjaer 2693), a data acquisition card (Keithley KUSB-3100) and
a computer to process these signals.



Figure 4. Test bench to obtain vibratory signals.

The shaft is a model of a railway axle, on a scale of 1:8 and whose diameter is 20.77 mm. It is
made of aluminum (material selected after performing a dimensional analysis of the scaled
system). The tests have been performed at 60 Hz, which is lower than the natural frequency of
the healthy shaft (316.4 Hz) (Gémez et al., 2016b).

First, measurements were taken from the healthy shaft. Subsequently, a lateral crack was made
inthe area shown in Figure 5 without removing the shaft. This crack has been manually increased
in depth after each test according to Table 2. Defect level 0 is the healthy shaft.
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Figure 5. Crack location (Gomez et al., 2016a).

Defect level Depth (% of diameter) Depth (mm)

0 0 0

1 4.15 0.86
2 8.3 1.72
3 12.5 2.59
4 16.65 3.46
5 22.15 4.6
6 25 5.17
7 33.25 6.91
8 41.65 8.65
9 50 10.385

Table 2. Crack depths.



For each defect level, 1,000 measurements were obtained. Each signal has 16,384 points and
the sampling frequency is 6,000 Hz, which makes the duration of each signal 2.73 s.

4. Methodology for the selection

Daubechies, Symlets and Coiflets families have been chosen due to:

Properties of orthogonality, biorthogonality and compact support. With the
orthogonality property, the independence of the signal representation for different
decomposition levels is ensured, that is, no redundant information is generated and
therefore false signal is avoided.

Application for DWT and therefore, for WPT.

Similarity with the study signals. They are visually similar to the mechanical impulse
response.

Common use in related works (Zamorano et al., 2019) (Gémez et al., 2016) (Gémez-
Luna et al., 2013)

As the interest of this research is to know which mother wavelet is the most suitable for the
failure detection task, a measure of the goodness of the chosen mother wavelet to generate
patterns of system behavior has been defined.

1.

With the obtained vibratory signals (healthy and defect levels), the WPT is calculated for
each mother wavelet with different order N (dbN, symN, coifN) at a decomposition level
of 3, so 8 packets are obtained (23). Each packet has a resolution that is given by the
studied frequency range, 375 Hz (3,000/8). For this case, a sampling frequency of 6,000
Hz has been used, so applying the Nyquist theorem, a range of 3,000 Hz is analysed.

The energy of each packet is calculated. The energy of a packet j at a decomposition
level k is obtained with (Eq.4).

The optimal order of the mother wavelet for each family is determined using a
parameter called degree of energy variation (DEV). This parameter measures the
difference between the average energy values of the defective shaft and the healthy
shaft energy values. For each defect level, the DEV is calculated according to (Eq.6):

DEV= (Eq. 6)

Where nis the number of packets, i is the packet number, P is the mean energy of packet
i for a defective shaft and O is the mean energy of packet i for a healthy shaft.

The evolution of the DEV by increasing the order N of each family of mother wavelets is
compared. A variation (DEV variation) of more than 2% of this value between mother
wavelets with different order N will be an exclusion criterion. This variation is calculated
with (Eq.7)

DEVmax-DEV(N)

Eq.7
DEVmax 100 (Eq.7)

DEV variation (%)=




Where DEVmax is the maximum DEV among the analysed orders of a family of mother
wavelets and DEV(N) is the DEV of a mother wavelet with order N.

A reliability analysis is done. For that, a parallel coordinates plot is obtained in order to

5.
find packets that better differentiate the defective and healthy condition. Then, a
classification system is performed using linear Support Vector Machines (SVM) as model
and using as predictors only the mentioned packets. The most suitable mother wavelet
will be decided based on the accuracy results of the model, which is the final objective.
5. Results

First of all, the WPT energy for each defect level has been calculated. The time it takes for
MATLAB to do the calculations is shown in Figure 6, by increasing the number of vanishing

moments.
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Figure 6. Calculation time.

It is observed that Symlets family requires more computation time and it increases more notably
with increasing order N. Coiflets and Daubechies families maintain an adequate and constant
calculation time, but there is not much difference between families for a low order N.

Now, the DEV is calculated with (Eq.6) for each family until 10 vanishing moments, because it is
the maximum value for the Coiflets family and in the case of the Daubechies and Symlets families
it has been verified that the variation of the DEV value beyond an order of 10 is not significant.
In this way, they are compared in the same conditions (Table 3).

Mother wavelet

Vanishing moments

Order (N)

Daubechies 1-10 N dbi, ..., dbl0
Coiflets 1-5 2N coifl, ..., coif5
Symlets 2-10 N sym2, ..., sym10

Table 3. Mother wavelets analysed with DEV.

In Figure 7 the DEV evolution is shown for Daubechies family. It can be seen that the DEV
converges towards a value as the order N increases. The same trend has been observed for the

other families.
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Figure 7. DEV evolution (Daubechies).

In Table 4, the results of the previous graph are shown numerically for each family, in which the
DEV variation has been calculated with (Eq.7).

Defect 1 2 3 4 5 6 7 8 9

coif 1 8.4 6.78 4.84 498 5.02 7.87 579 7.03 5.79
coif2 427 341 237 256 261 3.79 294 329 2.82
coif3 206 173 119 128 1.35 1.98 145 157 137
coif4 083 069 044 051 0.53 0.64 059 0.61 0.52

dbl 12.87 1039 881 811 802 1434 938 1246 9.38
db2 811 647 470 475 479 798 556 6.89 549
db3 567 453 312 331 335 550 386 457 3.75
dbd 405 320 214 233 239 381 274 315 2.64
db5 297 232 151 169 172 270 196 217 1.88
db6 211 163 1.06 120 121 193 148 150 1.32

DEV db7 135 108 074 082 084 137 090 1.05 088
var ’f“O” db8 077 066 044 051 049 091 051 061 0.49

(%) db9 031 029 022 024 023 043 023 027 023

sym2 8.03 640 460 465 4.74 7.69 551 682 544
sym3 559 446 3.02 321 331 5.20 3.81 450 3.70
sym4 409 317 208 228 237 3.56 274 311 261
sym5 290 234 147 167 175 2.49 199 223 186
symé6 204 159 103 114 1.22 1.71 138 155 131
sym7 115 096 057 070 0.77 1.02 0.84 090 0.80
sym8 079 061 035 042 046 0.61 0.56 0.59 0.50

sym9 0.29 0.21 0.12 0.16 0.21 0.12 0.23 0.23 0.20
Table 4. DEV variation (%)

In all cases it is observed that as the order N increases the variation is less and less. As previously
seen, the lower the order N of a mother wavelet, the shorter the calculation time, so a variation
of less than 2% of each mother wavelet compared to the mother wavelet with the highest
analysed order N is adequate to obtain accurate results without penalizing the calculation time,
so Coiflets 1-2, Symlets 2-5 and Daubechies 1-5 are excluded. Mother wavelets shown in Table



5 will be compared doing a reliability analysis. With this, it is possible to find the predictors
(packets) that can better diagnose the presence of a crack.

Family Order (N) \

Daubechies 6-10
Coiflets 3-5
Symlets 6-10

Table 5. Mother wavelets that will be studied.
6. Analysis of reliability

Once itis known that Daubechies 6-10, Symlet 6-10 and Coiflet 3-5 are the mother wavelets with
better results, according to the variation of the DEV, an analysis of reliability is carried out to see
if any mother wavelet provides better accuracy.

Within the MATLAB software, the classification learner application is used in which the linear
SVM model is established and in which the accuracy of the model is calculated using cross-
validation and 50 folds.

The linear SVM is the model chosen to carry out the reliability analysis for its simplicity and its
ability to generalize, and because it gives very good reliability results (Huang and Kecman, 2009).

This model finds the optimal way to classify the data by maximizing the separation of the data
with a line. In this case, the healthy condition and the defective condition. Optimal classification
is made by maximizing the separation margin between classes. The vectors that define the edge
of this separation are the support vectors (Hearst et al., 1998).

Given a set of points, a subset of a larger set (space), in which each of them belongs to one of
two possible classes (healthy and defective), an algorithm based on SVM builds a model capable
of predicting whether a new point (whose class we do not know) belongs to one class or the
other.

The SVM looks for a hyperplane (3 or more dimensions) or a line in case of 2 dimensions, that
optimally separates the points of one class with those of another.

In this concept of "optimal separation" is where the fundamental characteristic of SVM resides:
this type of algorithm looks for the hyperplane or line that has the maximum distance (margin)
with the points that are closest to itself. In this way, the vector points that are labeled with one
class will be on one side of the hyperplane or line and the cases that are in the other class will
be on the other side (Chen et al., 2005).

With this model, parallel coordinates plots (PCP) using the energy results of coif5, db10 and
sym10 are obtained. In these plots, the predictors or rows are the eight energy packets. The blue
color represents the healthy condition and the orange color represents the defective condition.
In Figure 8 the PCP using db10 is shown. Using the other mother wavelets, no great differences
are observed.
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Parallel coordinates plot using db10 (Linear SVM)
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Figure 8. PCP using db10.

It can be observed that packets 7 and 8 show a clear difference between healthy condition (blue)
and defective condition (orange). So, with this classification system, it can be concluded that
these packets would be useful for the reverse crack detection process using a state monitoring
system. With these results it would be possible to create an algorithm for automatic detection
of consistent failures. Using these packets as predictors and differentiating the defect level,
another classification system for each mother wavelet is carried out. The accuracy results of the
linear SVM model are shown in Table 6. Accuracy of the classification system.

Order (N) 6 7 8 9 10
Daubechies 91.8 90.8 89.4 889 87.6
Accuracy Symlet 90.7 89.5 89.7 89.9 88.8

(%) | Order(y) | 3 | ] 4 | | 5|
Coiflet 90.5 88.7 88.2

Table 6. Accuracy of the classification system.

It can be observed that db6 has the highest accuracy and the PCP using db6 is shown in Figure
9. According to all the previous results, this mother wavelet would be the most suitable to
diagnose cracks in shafts with a WPT analysis.

This means that, the effects that the defect causes on the vibratory signals are more similar to
Daubechies 6 than to the others. So, when using db6 there are more differences between a
signal with defect and a signal without defect, because the correlation of the defect is higher
with that mother wavelet. In any case, as can be seen, there are not great differences in this
application of the methodology.

It can also be observed that the family with the least variation is the Symlet. With this family, an
ascending or descending trend cannot be accurately determined. The accuracy results are
calculated using cross-validation with 50 folds, thus a small variation in the results is not
considered, since it can vary a few tenths each time it is calculated.

11



Parallel coordinates plot using db6 (Linear SVM)
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Figure 9. PCP db6 and linear SVM.

7. Conclusions

In this work, the vibratory signals of a shaft with a crack in the section change have been
analysed using the WPT energy. This analysis has been done for three different mother wavelet
families, for a decomposition level of 3 and at a rotation frequency of 60 Hz.

The degree of energy variation (DEV) is calculated up to 10 vanishing moments because it has
been observed that the DEV value tends to converge as the order N increases, the calculation
time increases and because in this way the families with the same conditions can be compared.
It has been considered that the mother wavelets to be excluded with this criterion are those
with more than a 2% variation compared to the corresponding mother wavelet with the highest
DEV.

The last criterion has been to perform a classification system to obtain a parallel coordinates
plot to find which packets better differentiate the healthy and the defective condition. These
packets are 7 and 8 and are good parameters for the detection of a defect.

Another classification system using a linear SVM model is performed for each mother wavelet
using only those packets as predictors to compare the accuracy of the model.

With all this, it has been proved that the mother wavelet that meets the criteria is the
Daubechies 6. This mother wavelet has been found to have adequate calculation time and
adequate data variation as well as good accuracy to perform a classification system using a linear
SVM model.

Therefore, the energy of the wavelet packets using db6 would be very useful for the reverse
crack detection process using a state monitoring system.

In conclusion, with these results it would be possible to create an algorithm for automatic
detection of consistent failures.

12



Declaration of Conflicting Interests
The Authors declare that there is no conflict of interest.
Funding

The authors disclosed receipt of the following financial support for the research, authorship,
and/or publication of this article: This work was supported by the Spanish Government
[MAQSTATUS DPI2015-69325-C2-1-R].

ORCID iDs
Marta Zamorano B https://orcid.org/0000-0003-1478-5673
Maria Jesus Gomez Garcia @ https://orcid.org/0000-0001-9922 2313

References
Bachschmid N and Penacci P (2008) Crack deffects in rotordynamics. Mechanical Systems and
Signal Processing 22: 761-762.

Bianchi D et al. (2015) Wavelet packet transform for detection of single events in acoustic
emission signals. Mechanical Systems and Signal Processing 64-65: 441-451.

Bustos A, Rubio H, Castejon C et al. (2018) EMD-Based Methodology for the Identification of a
High-Speed Train Running in a Gear Operating State. Sensors 18: 793.

Butler K and Bagriyanik M (2003) Characterization of transients in transformers using discrete
Wavelet transforms. IEEE Transactions on Power Systems 18: 648-656.

Chen J et al. (2016) Wavelet transform based on inner product in fault diagnosis of rotating
machinery: A review. Mechanical Systems and Signal Processing 70-71: 1-35.

Chen PH, Lin CJ and Scholkopf B (2005) A tutorial on v-support vector machines. Applied
Stochastic Models in Business and Industry 21: 111-136.

Chen S and Zhu HY (2007) Wavelet Transform for Processing Power Quality Disturbances.
EURASIP Journal on Advances in Signal Processing 2007.

Chiementin X et al. (2011) Performance of wavelet denoising in vibration analysis: highlighting.
Journal of Vibration and Control 18(6): 850-858.

Dremin IM, lvanov OV and Nechitailo VA (2001) Reviews of topical problems: Wavelets and
their uses. Physics Uspekhi 44(5): 447-478.

Garcia-Plaza E and Nufiez Lopez PJ (2018) Application of the wavelet packet transform to
vibration signals for roughness monitoring in CNC turning operations. Mechanical Systems and
Signal Processing 98: 902-919.

Gawali NU, Hasabe RP and Vaidya AP (2015) A Comparison of Different Mother Wavelet for
Fault Detection & Classification of Series Compensated Transmission Line. [JIRST-International
Journal for Innovate Research in Science & Technology 1(9): 57-63.

GOmez-Luna E, Silva D and Aponte G (2013) Seleccion de una wavelet madre para el analisis
frecuencial de sefales eléctricas transitorias usando WPD. Ingeniare. Revista chilena de
ingenieria 21(2): 262-270.

13


https://orcid.org/0000-0003-1478-5673

Gomez MJ, Castején C and Garcia-Prada JC (2016a) Analysis of the influence of crack location
for diagnosis in rotating shafts based on 3x energy. Mechanism and Machine Theory 103: 167-
173.

Gomez MJ, Castején C and Garcia-Prada JC (2016b) Crack detection in rotating shafts based on
the 3x energy. Analytical and experimental analysis. Mechanism and Machine Theory 96: 94-
106.

GAmez MJ, Castején C and Garcia-Prada JC (2016c) Review of Recent Advances in the
Application of the Wavelet Transform to Diagnose Cracked Rotors. Algorithms 9: 19.

Hearst MA et al. (1998) Support Vector Machines. IEEE Intelligent Systems and their
applications 13(4): 18-28.

Hodge VJ, O'Keefe S, Weeks M and Moulds A (2015) Wireless Sensor Networks for Condition
Monitoring in the Railway Industry: A Survey. IEEE Transactions on Intelligent Transportation
Systems 16(3): 1088-1106.

Hong YY and Wang CW (2005) Switching detection/classification using discrete wavelet
transform and self-organizing mapping network. IEEE Transactions on Power Delivery 20(2):
1662-1668.

Hou Z, Noori M and St. Amand R (2000) Wavelet-based approach for structural damage
detection. Journal of Engineering Mechanics 126: 677-683.

Huang TM and Kecman V (2009) LinearSVM Linear Support Vector Machine.
Available at: http://www.linearsvm.com/ (accessed 14 september 2020).

Jayakumar K and Thangavel S (2017) Industrial drive fault diagnosis through vibration analysis
using wavelet transform. Journal of Vibration and Control 13(12): 2003-2013.

Jensen A and la Cour-Harbo A (2000) Ripples in Mathematics: The Discrete Wavelet Transform.
Springer.

Liu B, Ling SF and Meng Q (1997) Machinery Diagnosis Based on Wavelet Packets. Journal of
Vibration and Control 3(1): 5-17.

Mallat S (1998) A wavelet tour of signal processing. Academic Press.

Meghnefi F, Reguig F and Brahami M (2004) Analysis of the Doppler Ultrasound Signal by
Wavelet Packet Transform. Journal of Mechanics in Medicine and Biology 4: 273-282.

Mohammed A, Neilson RD, Deans WF et al. (2014) Crack detection in rotating shaft using
artificial neural networks and PSD characterisation. Meccanica 49.

Ngui WK, Salman Leong M, Meng Hee L et al. (2013) Wavelet Analysis: Mother Wavelet
Selection Methods. Applied Mechanics and Materials 393: 953-958.

Peng Z and Chu F (2004) Application of the wavelet transform in machine condition monitoring
and fault diagnostics: A review with bibliography. Mechanical Systems and Signal Processing
18(2): 199-221.

Rajabi E and Ghodrati Amiri G (2020) Generation of critical aftershocks using stochastic neural
networks and wavelet packet transform. Journal of Vibration and Control 26(5-6): 331-351.

14



Riabova S (2018) Application of wavelet analysis to the analysis of geomagnetic field variations.
Journal of Physics: Conference Series 1141.

Santoso S et al. (2000) Characterization of distribution power quality events with Fourier and
wavelet transforms. IEEE Transactions on Power Delivery 15(1): 247-254.

Wilkinson WA and Cox MD (1996) Discrete wavelet analysis of power systems transients. /EEE
Transactions on Power Systems 11(4): 2038-2044.

Zamorano M, Gomez MJ, Castejon C et al. (2019) Analysis in the time-frequency domain of
different depths of a crack located in a change of section of a shaft. In: Uhl T. (eds) Advances in
Mechanism and Machine Science. IFToMM WC 2019. Mechanisms and Machine Science, vol
73. Springer, Cham.

Zhang L, Bao P and Wu X (2005) Multiscale LMMSE-Based Image Denoising With Optimal
Wavelet Selection. IEEE Transactions on Circuits and Systems for Video Technology 1(4): 469-
481.

15



