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IMPROVED HILBERT HUANG TRANSFORM SUPPORTED BY MACHINE
LEARNING ALGORITHMS FOR SIGNAL ANALYSIS

SUMMARY

This study is aimed at providing an improvement to the Hilbert Huang Transform
and show its use with machine learning algorithms for signal analysis. Hilbert Huang
Transform is composed of two steps, where initially the data is decomposed into
different components by using Empirical Mode Decomposition. Afterwards Hilbert
Spectral Analysis is applied to produce instantaneous frequency and amplitude
values. This study proposes an improved Empirical Mode Decomposition method.
The new method uses a variable window size median filter in the process of
generating the Intrinsic Mode Functions. Compared to the traditional Empirical
Mode Decomposition, the improved Median Empirical Mode Decomposition allows
to eliminate the impulse noise and minimizes the effects of mode mixing within the
Intrinsic Mode Function components which are known issues with Empirical Mode
Decomposition. The Median Empirical Mode Decomposition method applies the
Empirical Mode Decomposition to the signal and then applies a variable window size
median filter to the resulting Intrinsic Mode Functions with the goal of eliminating
the impulse noise and minimizing the effects of the mode mixing within the Intrinsic
Mode Function components. A narrow window is used for high frequency
components where a broader window is used for the lower frequency components.
The filtered Intrinsic Mode Functions are then summed again and another round of
Empirical Mode Decomposition is applied to yield the improved Intrinsic Mode
Functions.

The method is tested on a simulated data with different frequency components and an
impulse noise. It is shown that the Median Empirical Mode Decomposition is more
successful in decomposing the signal into different frequency components when
there is impulse noise present in the data.

Secondly, a test setup for accelerated aging of bearings in induction motors is used
for the comparison of the traditional and the Median Empirical Mode Decomposition
methods with the goal finding potential bearing defects in an induction motor. The
potential defect is compared with the faulty case and is used to extract the
characteristics of the bearing damage that develops gradually.

The Median Empirical Mode Decomposition method shows to be superior compared
to the traditional EMD for the extraction of the fault features from the healthy
operational state of the motor, while minimizing the effects of the impulse noise on
the data as well as minimizing the mode mixing problem of the Empirical Mode
Decomposition method. Finally it is also shown that this system can be applied on a
fault prediction mechanism. An Auto Associative Neural Network is taught the
healthy status of the motor by means of the power spectral density of the Median
Empirical Mode Decomposition output. As the aging progresses; the error rate of the
output of the neural network increases which can be used as an anomaly detection
and fault prediction method. These results show that the new method is an
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improvement and can be used within different machine learning algorithms for signal
analysis.
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SINYAL ANALIZi icn\{ Mz'&K.iNE .(")CRENME ALGORiTMAI:ABI igE
DESTEKLENEN GELISTIRILMIiS HILBERT HUANG DONUSUMU

OZET

Diinyay1 ve i¢inde olan fiziksel proseslerin tanimlanabilmesi i¢in sz konusu
sistemlerden veri toplanmasi ve yorumlanmasi gerekir. Bu amagla sinyal analizi
alaninda farkli metotlar ve araglar gelistirilmistir.

Veriyi saglikli bir sekilde yorumlamak igin, kullanilacak metodun zayif, giiclii
yanlarinin ve siirlairnin net bir sekilde anlasilmas1 gerekir.

Frekans analiz metotlari, sinyalin i¢inde ki farkli frekans bilesenlerini anlayip analiz
etmeyi saglar.

Fourier Dontistimii, Kisa Zamanli Fourier Doniisiimii, Dalgacik Doniistimii, Wagner-
Ville dagilimi frekans analiz metotlarina verilecek 6rneklerdir. Her bir ydntemin
kendine ait farkli limitleri vardir, ve bu limitlerde bu yontemlerin sinyal analizinde
ne sekilde kullanilabilecegininin sinirlarini tanimlar.

Ornek olarak, Fourier ddniisiimii; tiim sinyallerin farkli siniizoidal fonksiyonlarin
toplam1 seklinde ifade edilebilecegi iizerine kurulmustur. Bu sayede, Fourier
doniigiimii; bir sinyalin i¢inde bulunan farkli frekans bilesenlerini farkli siniis
fonksiyonlar1 seklinde tanimlayarak sinyali bilesenlerine ayristirabilir. Fakat, Fourier
doniistimii bu sinlis fonksiyonlarinin sabit genlik ve fazlar1 olmasin1 gerektirir ve bu
da Fourier dontigiimiinii kisitlayan bir durumdur.

Genel olarak bakildiginda sinyal analizi metotlar1; verinin dogrusal veya duragan
oldugu varsayimina dayanirlar. Fakat dogada bu tiir bir veriye rastlamak c¢ok diisiik
bir olasiliktir. Dogada olan olaylarda toplanan veri duragan olmayan ve dogrusal
olmayan 6zellik gosterirler.

Duragan olmayan ve dogrusal olmayan sinyalleri belirli bir noktaya kadar analiz
edebilmek i¢in bir takim sinyal analiz yontemleri gelistirilmistir.

Kisa Zamanli Fourier Doniistimii, Dalgacik Analizi, Wigner-Ville dagilimi duragan
olmayan fakat dogrusal olan sinyalleri analiz edebilmek i¢in gelistirilmislerdir. Buna
ek olarak, dogrusal olmayan duragan siistemlerin analizi i¢in de bir takim yontemler
gelistirilmis olsa da, bu tiir yontemlerin hepsinde sinyalin duragan oldugu ya da
sinyalin dogrusal oldugu varsayimina dayanilir.

Bu tez caligmasi yukarida bahsedilen metotlardan farkli olarak duragan olmayan ve
dogrusal olmayan sinyal analizi yapabilen Hilbert Huang DoOniisimii ve bu
doniistimde yapilabilecek iyilestirmeler ve sonuglart tizerinedir. Hilbert Huang
Doniigiimii, duragan olmayan ve dogrusal olmayan bir sinyali farkli frekans
bilesenlerine ayirabilmektedir. Hilbert Huang Doniisiimii uyarlanabilir bir zaman-
frekans anaiz yontemidir ve dnceden tanimlanmis baz fonksiyonlar1 gerektirmez.
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Hilbert Huang Doniisiimii iki adimdan olusur. Hilbert Huang doniisiimii veriye ilk
adimda ampirik bi¢im ayristirmas: ve ardindan Hilbert tayf analizi yapilmasiyla
gergeklestirilir.

Ampirik Bigim Ayristirmast yonteminde kullanilan ayiklama islemi verinin
kendisinden uyarlanabilir baz fonskiyonlari tiiretilmesine olanak saglar. Diger
yontemlerde ise bahsedilen baz fonksiyonlar1 sinyalden bagimsiz olarak onceden
tanimlanmis olur. Uyarlanabilir baz fonksiyonlar1 sinyale ampirik bi¢im ayristirma
yonteminin uygulanmasiyla elde edilir. Bu uyarlanabilir baz fonksiyonlarina igsel
Bi¢im Fonksiyonlar1 denir.

Elde edilen i¢sel Bicim Fonksiyonlarina Hilbert doniisiimii uygulanmasi sonucu elde
edilen faz fonksiyonlarinin tiirevleri kullanilarak anlik frekans bilgisi hesaplanir.
Hilbert Huang Doniisimii harmoniklerin ve belirsizlik prensibinin getirtigi
sinirlandirmalardan etkilenmez.

Ampirik  bigcim aynistirma yontemi, Hilbert Huang DOniisiimiiniin  temel
bilesenlerinden biridir ve tek basina Hilbert Huang Doniisiimii disinda da ¢ok genis
bir uygulama alanina sahiptir. Bu alanlara 6rnek olarak, rulman arizasi tespiti,
biyomedikal veri analizi, gii¢ sinyal analizi ve sismik analiz verilebilir.

Ampirik bi¢im ayristirma yonteminin bir¢ok farkli uygulama alani olmasina ragmen,
halen ¢6ziim bekleyen sorunlari vardir. Bunlara ornek olarak bigim karigmasi, ug
etkileri ve egri sorunlar1 verilebilir. Ampirik bi¢im ayristirma yontemi sinyali
birbirinden bagimsiz ve tamamen farkli essiz Igsel Bi¢im Fonksiyonlarina
ayristiramazsa, farkli i¢sel Bigcim Fonksiyonlarinda aymi frekans bilesenleri var olur.
Bu soruna bi¢im karigmasi denir. Ampirik bi¢cim ayristirma yonteminde goriilen bir
diger sorun ise, u¢ etkileridir. Bu sorun, Ampirik bi¢cim ayristirma ydnteminde
kullanilan uygun zarf egrisi hesaplamasinda baslangi¢ ve bitis noktalarinda biiyiik
sapmalar olmasi nedeniyle goriiniir. Bu soruun ¢6ziimii i¢in B-egrisi ampirik bigim
ayristirma yontemi, maskeli sinyal ile gelistirilmis ampirik bigim ayristirma yontemi,
uyarlanabilir hizli toplu ampirik bicim ayristirma yontemi ve dalgacik paket giiriiltii
azaltma ile gii¢clendirilmis ampirik bi¢im ayristirma yontemleri 6rnek verilebilir.

Bu tez ¢alismasinda, ampirik bigim ayristirma yontemini gelistirme amagli Medyan
Ampirik Bigim Ayristirma Yontemi ortaya konmustur. Medyan filtresi iceren bu
yontemin, ani glriiltii ve bigim karigsma sorunlar1 agisindan medyan ampirik bi¢cim
ayristirma yontemini iyilestirdigi goriilmiistiir. Medyan filtresi genel olarak farkli
sinyal isleme uygulamalarinda ani giiriiltiileri filtrelemek amaciyla kullanilmaktadir.

Medyan ampirik ayristirma yonteminde, degisken pencere boyutlu bir medyan
filtresi kullanilir. ilk olarak sinyale ampirik ayristirma yontemi uygulanir ve igsel
bicim fonksiyonlar1 elde edilir. Elde edilen igsel bigim fonksiyonlarindan yiiksek
frekansli olanlar dar pencereli medyan filtresi ile filtrelenirken, diisiik frekansl igsel
bicim fonksiyonlarida genis pencereli medyan filtresi ile filtrelenir. Filtrelenen biitiin
i¢csel bicim fonksiyonlar1 tekrardan toplanir ve asil sinyal tekrar elde edilir¢ Bu
sinyale daha sonra tekrardan ampirik ayristirma yontemi uygulanir ve bu sayede yeni
medyan filtrelenmis i¢sel bicim fonksiyonlar: elde edilir. Bu sekilde Medyan ampirik
ayristirma yontemiyle elde edilen igsel bicim fonksiyonlarinin ve normal ampirik
ayristirma yontemiyle elde edilen ic¢sel bigim fonksiyonlarinin karsilastiriimasi
sonucunda Onerilen yontemin bi¢im karigmasi ve ani giiriiltii konusunda daha basarili
oldugu ve sinyali daha basarili bir sekilde birbirinden bagimsiz frekans bilesenlerine
ayirabildigi goriilmiistiir.
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Gelistirilen yontem, ilk olarak yapay bir data iizerinde denenmistir. Farkli frekans
bilesenleri ve ani giiriiltii iceren bir veri normal ve medyan ampirik ayrigtirma
yontemleriyle ayristirilip farklar karsilastirilmistir. Ani giiriiltiiniin genligi arttikca
normal ampirik ayristirma yonteminin frekans bilesenlerini ayirma konusunda
basarisiz kaldigi ve yeni medyan ampirik ayristirma yonteminin bu durumdan
etkilenmedigi goriilmiistiir.

Medyan ampirik ayristirma yontemi, asenkron motorlarda yataklarin hizlandirilmis
yaslanmasindan toplanan bir veri setinde test edilmis ve normal ampirik ayristirma
yontemi ile karsilagtirilmistir. Medyan ampirik ayristirma yonteminin, bigim
karigtirma problemi ve ayrica verilerin ampirik ayristirma yontemine kiyasla fiziksel
olarak anlamli bilesenlere ayristirtlmasi agisindan bir gelisme sagladigi
gosterilmigtir. Medyan ampirik ayristirma yonteminin bu basarisi, makine
o0grenmesinde 0zellik ¢ikarimi metodu olarak kullanilmasini saglar.

Hizlandirilmigs yaslanma verileri i¢in medyan ve normal ampirik ayristirma
yonteminin ilk iki igsel bi¢im fonkiyonlar1 karsilagtirilmistir. Normal ampirik
ayristirma yonteminde her iki i¢sel bicim fonkiyonunun, motor ¢alisma frekanslarini
ve cok diisiik genlikli hataya bagl frekanslarla birlikte net olarak ayristiramadan
gostermistir. Bu, s6z konusu mod karigtirma probleminin bir 6rnegidir.

Bununla birlikte medyan ampirik ayristirma yontemi, iki farkli fiziksel
mekanizmanin acgik bir ayrimini saglamistir. Birinci igsel bi¢im fonksiyonu sadece
ariza ile baglantili ¢ok diisiik genlikli frekanslar1 gosterirken, ikinci i¢sel bigim
fonksiyonu da motorun normal ¢alisma frekanslarini1 gostermistir.

Bu, medyan ampirik ayristirma yonteminin, normal ampirik ayristirma yontemine
kiyasla bi¢im karistirma sorunu agisindan daha basarili oldugunu ve farkli fiziksel
gerceklerin farkli bilesenler olarak ayristirilmasi acgisindan bir gelisme sagladigini
kanitlamaktadir.

Bu yontem iizerine yapilacak calismalar MEMD siireci i¢inde diisiik ve yiiksek
frekansli IMF se¢im kriterlerinin belirlenmesinde daha teorik bir arka plan sunarken,
farkli sorunlara ve verilere uygulanabilirligini dogrulayabilir.

Gergek fiziksel siire¢lerden toplanan verilerin hemen hemen her zaman dogrusal ve
duragan olmadigi gercegi gbz Oniine alindiginda, bu tiir ampirik, uyarlanabilir
yontemler ve doniisiimler icin daha ileri ¢calismalar gerekmektedir. Bu tez, dogrusal
olmayan ve duragan olmayan verilerin analiz yontemlerini gelistirmek icin bu tiir bir
arastirmada bir adimdir.
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1. INTRODUCTION

Measurement and interpretation of data are required to be able to describe the world
and the physical facts behind it. There are numerous methods and tools, which are all

in the area of study of signal analysis.

In order to properly interpret the data, one must understand the limitations and the
strengths of the methodology that is used to process and interpret the data.

Frequency analysis tools allow to analyze and understand the contribution of

different frequency components within a signal.

Fourier transform, Short Time Fourier Transform, Wavelet Transform, Wagner-Ville
distribution are examples of such analysis methods. All these methods have different

limitations that restricts the data analysis.

As an example, Fourier transform is based on the assumption that any signal can be
represented as the sum of sinusoidal functions [1].This allows the transform to
describe the contribution of different frequencies to the signal, however those

components are required to have constant amplitudes and phases [1].

In general, the signal analysis tools are based on the assumption that the data is either
linear or stationary. However, in nature it is a rare occasion to find such data. There
are some methods developed to be able to analyze non-stationary or nonlinear signals

up to an extent.

Short Time Fourier Transform [2], Wavelet Analysis [3], Wigner-Ville Distribution
[4] are methods used for analyzing non-stationary but linear signals. There are also
various time series analysis methods [4-6] which can be used for the analysis of non-

linear, stationary and deterministic systems.

This study is based on another data analysis method called Hilbert Huang Transform

(HHT). HHT can decompose a nonlinear, non-station



ary signal into different frequency components [1]. HHT is an adaptive time-
frequency analysis method which does not require an a priori (pre-defined)

functional basis [1].

HHT is composed of two steps i.e. Empirical Mode Decomposition (EMD) and
Hilbert Spectral Analysis (HSA). The EMD sifting process generates adaptive basis
functions directly from the data itself instead of using a priori functional basis. EMD
is applied to the signal and the mentioned adaptive basis functions are generated. The
output of the EMD process are Intrinsic Mode Functions (IMF). Derivatives of phase
functions of the Hilbert Transform of the adaptive functions are used to calculate the
instantaneous frequencies [1]. HHT does not have the limitations of harmonics and

the uncertainty principle [1].

EMD is an important part of the HHT, and even alone it has a wide range of
applications such as bearing fault detection, biomedical data analysis, power signal
analysis, and seismic signals [7-13].

Although EMD has a wide area of applications, there are still issues related to the
method that needs to be addressed such as mode mixing, end-effect, and spline
problems [7-12]. When the EMD cannot successfully decompose the signal into
unique frequency components, then different Intrinsic Mode Functions (IMF) contain
the same frequencies as overlapping components. This is known as the mode mixing
issue [7]. Another problem related to the EMD is the so-called end-effect [Intro_8],
where large deviations occur in the interpolation fitting process of EMD resulting in
the propagation and corruption of the data span [14]. There are various methods
proposed to overcome these problems such as B-spline EMD [15], mask signal
improved EMD [16], adaptively fast ensemble empirical mode decomposition [17],
improved Complete Ensemble EMD [18], and wavelet packet de-noising improved
EMD [19].

This study proposes an EMD method improved with median filtering, namely
Median Empirical Mode Decomposition (MEMD) which provides a filter that
eliminates the effects of the impulse noise while decreasing the mode-mixing.
Median filter in general allows eliminating the impulse noise in various different

signal analysis applications [20].



In the MEMD method, a variable window sized median filter is applied to the IMFs.
Firstly, EMD is applied to the signal to generate the IMFs. A variable window sized
median filter is applied to these IMFs, where a narrow window size is used for high
frequency components and a broader window size is used for low frequency
components. These filtered IMFs are then summed to reconstruct the signal. EMD is
once again applied to the reconstructed signal and the improved IMFs are
generated.[7] Comparison of the results of the MEMD and the regular EMD shows
that the new method, i.e., MEMD, improves the decomposition in terms of mode

mixing, allowing a better decomposition of the each frequency component per IMF.

Section 2 describes the HHT and the EMD method while the improved EMD and the
median filter are explained in section 3. The details of how to arrange the variable
window size and how to reconstruct the signal after the filtering are also explained in
section 3. Also a flowchart diagram is given to provide a clear understanding of the

whole process.

In section 4, there are two different comparisons made between the EMD and the
MEMD. Firstly, the methods are tested on a non-stationary data simulation and
secondly both methods are tested on the data collected from an accelerated electric

motor aging setup.

In section 5, the results are summarized and the conclusion of the study and the
provided improvement are explained with a discussion of possible further

improvement and research areas based on this study itself.






2. HILBERT HUANG TRANSFORM

Data gathered from real systems are most likely to be of nonlinear and nonstationary
nature and HHT which is a combination of the HSA and the EMD is an adaptive data

analysis method to analyze nonlinear, nonstationary processes.

The Hilbert-Huang transform, unlike the conventional data-analysis methods, is not

based on either linear and or stationary assumptions [1].

Hilbert-Huang Transform [21] was proposed by Norden E. Huang as an alternative
data analysis method to analyze nonlinear and nonstationary data. It consist of two

components i.e. Empirical Mode Decompositionand Hilbert Spectral Analysis.

The HHT, unlike the conventional data-analysis methods, is not based on either
linear and or stationary assumptions [22]. It is a method to decompose a signal
intolMFs with a trend in order to get instantaneous frequency data. It is successful in

decomposing nonstationary and nonlinear data [23].

Compared to the common transformations such as Fourier transform, Wavelet

Transform, HHT is an empirical algorithm applied on the data.

HHT uses the EMD method to decompose a signal into IMFs with a trend and then
applies HSA to get the instantaneous frequency. The decomposition of the signals -
EMD- is done in time domain with resulting IMFs having the same length as the
original data, this lets HHT to keep varying frequency characteristics of the data.
This allows HHT to be able to successful with non-stationary and nonlinear data [1,
24].



2.1 Empirical Mode Decomposition

EMD decomposes a signal into a finite set of functions with different frequency
components. EMD allows to deal with nonstationary and nonlinear processes due to

its adaptive and empirical nature [1, 21, 25].

EMD process relies on the assumption that any data from a given system is
composed of different simple intrinsic modes of oscillations [1, 26].

Each of these intrinsic mode represents a simple oscillation with the same number of
extrema and zero-crossings. These oscillations will also be symmetrical with respect
to the local mean. At any given time, the data will have many different modes of
oscillations where the sum of those will yield the whole data[1, 21, 24].

These oscillatory modes are named as Intrinsic Mode Function (IMF) with the

following requirements [1, 21, 27, 28];

e The number of extrema and the number of zero-crossings of the whole data

must be equal or differ most by one.

e The mean value of the envelope defined by the local maxima and the

envelope defined by the local minima must be 0(zero) at any given point.

In order to derive the IMFs with the above requirements from the given data, the

iterative process called sifting process is applied to the data.
The sifting process is as following;
e Determine the local maxima and minima of the signal.
e Connect the maxima and create an upper envelope (spline)
e Connect the minima and create a lower envelope (spline)
e Calculate the local meanm, using the upper and lower envelopes
e Subtract the local mean from the signal h; = x(t) — m;

e Repeat the process with the residual if the residual does not meet the IMF

requirements

Figure 2.1 shows the lower and upper envelopes and their relevant mean plotted
together with the data. The black color represents the data, where the red spline is the

upper envelope and the blue spline is the lower envelope which are generated from
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the data. The cyan spline shows the mean calculated from the upper and the lower

envelopes.

Upper Envelope
Lower Envelope
Data

otk Mean 4

Amplitude[dB]
! o

0.564 0.566 0.568 0.57 0.572 0.574 0.576 0.578
Time [s]

Figure 2.1: A signal with the upper, lower evelopes and the mean.

Sifting process stops once the remaining data satisfies the requirements of an IMF [1,
21] suggests that an ad hoc S number between 4 and 8 is defined and the sifting
process is stopped only after S times more iterations while the IMF requirements are
satisfied(S Number stoppage criteria). Further information about the stoppage criteria
is provided later on in this chapter. Once the process yields data that meets the
requirements of the IMF, that data is considered as the IMF function c;and

subtracted from the data as in (2.1).
R =Xx(t)-c (2.1)

Where r, is the residue, remaining data.

Then the sifting process is repeated on the remaining data until another IMF is found.
This IMF is also subtracted from the remaining data and the process is repeated

again.

This process is repeated until the final residue is a monotonic function and not

possible to extract any more IMFs. The first IMF represents the highest frequency
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component while the last IMF represents the lowest frequency component of the
data.

The data can be shown as below (2.2), a sum of all the IMFs and the final residue;
X(t)=) ¢, +r, 2.2)
j=1

2.1.1 Stoppage criteria for the sifting process

Third The stoppage criteria defines the number of sifting process to produce an IMF.
There are four common stoppage criterion [1, 21].

2.1.1.1 Standard deviation

In this criteria which is similar to the Cauchy convergence test, a sum of the different
Standard Deviation (SD) is defined as in (2.3) [1, 21];

SDk J Zn: |hk—1 (t) - hk (t)|

j=1 hszl (t) (2.3)

When SD gets smaller than a pre-defined vlaue, the sifting process stops.

2.1.1.2 S number criterion

As explained previously in this chapter, S Number Criterion defines an S number
which is the number of consecutive siftings after the sifted function (proto IMF)
meets the criterion of IMF e.g. number of zero-crossings and extrema are equal or
differ at most by one [1, 21].

The sifting process will stop after S consecutive siftings provided that the number of

zero-crossings and extrema are equal or differ at most by one.

2.1.1.3 Threshold method

Two different threshold values are defined to handle the global small fluctuations in

the mean while the information on local large excursions are also not lost[28].

2.1.1.4 Energy difference tracking



Two This method explains that the IMF and the original data must be orthogonal,
and thus have equal signal energy. It compares the energy of the total data with the
energy of the candidate IMF function that is produced by the sifting process. An
error threshold is defined and the sifting process stops when the difference of the

signal energy is within the error threshold[27].

2.2 Hilbert Spectral Analysis

Hilbert transform allows to calculate instantaneous frequencies and amplitudes of a
signal to describe the data more locally. Below equation (2.4) describes the Hilbert
transform which can be written for any function of x(t) of Lp class to describe the
y(t) which is the complex conjugate of x(t) [29];

1_ . tx(r
HIxO]= v [X2dr -y 24)
T t-T
The PV refers to the Cauchy’s principle value integral.
Using the Hilbert transform, the signal is defined in (2.5) [1];

z(t) = x(t) +iy(t) =a(t)e”" (2.5)
at)=yx*+y° (2.5a)

o) = arctan(%) (2.5b)

a(t) is the instantaneous amplitude, and the 0 is the phase function. Then the

instantaneous frequency can be defined as (2.6)

_deo
W—E (2.6)

Hilbert transform emphasizes the local properties of the function x(t) since it is the

convolution of x(t) with %



Hilbert Spectrum displays the relative amplitude or energy contributions for a given
frequency at a given time, and can be constructed as (w,t) . This allows us to

calculate a marginal spectrum as shown in (2.7);
T
E(w) = j H (w,t)dt 27)
0

This spectrum is the sum of all amplitudes over the whole data span.

[1, 21] shows that not all functions yield physically meaningful Hilbert transforms. If
the function is not “mono-component’ or it has non-zero means [30] then the result is
likely to include negative frequencies. The methodologies to avoid this is explained
in [30-32].

In order to avoid the negative frequencies in the HHT, the EMD process is vital to

create the mono-component non-zero means signals.

2.3 Hilbert Huang Transform

HHT is a combination of the EMD and HSA for a given data. The data is first
decomposed in to IMFs by EMD and then HSA is applied to each of these IMFs.

This whole process is named as Hilbert Huang Transform.

Once EMD is applied to the data and all the IMFs are generated; Hilbert transform is
applied to each IMF component in order to calculate the instantaneous frequency.

Then, the original data can be formulated as the real part R of (2.8) [1];

X(t) = R{ila j el ("d‘]} 2.8)

The residuer, is left out in order to prevent it from dominating the spectrum

compared to the low-energy but oscillatory components (IMFs) since this is a
monotonic trend and a continuous over the whole span of the data. This is left out
unless there are physical justifications to keep it based on the data [1].

Compared to Fourier transform where botha; and o, are constant; IMFs and Hilbert

spectrum allows variable amplitude and instantaneous frequency [1].
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The comparison of the HHT with Fourier and Wavelet can be given in below Table 1

[1];

Table 2.1:Comparison of Fourier, Wavelet and Hilbert Huang Transform.

Fourier Wavelet HHT
Basis a priori a priori adaptive
Convolution:global  Convolution:regional Differentiation:
Frequency . ; .
uncertainty uncertainty local, certainty
Presentation  Energy-frequency Energy-time- Energy-time-
frequency frequency
Nonlinear No No Yes
Nonstationary No Yes Yes
Feature No Discrete:no Yes
Extraction Continuous:yes
Theoretical Theory complete Theory complete Emprical

base

Since HHT provides a certain frequency at a certain time, one might ask whether this
is in line with the uncertainty principle or not. Since Fourier and Wavelet transforms
derive the frequency by convolution; they are limited by the uncertainty principle,
whereas HHT is not limited by it since it derives the frequency by differentiation [1,
21].

Below example shows a nonstationary sinusoidal signal and its relevant HHT output

showing the time-frequency values.

The signal consists of 3 components with frequencies 100 MHz, 150 MHz and 200
MHz respectively, and they exist on different time slots of the measurement.

Figure 2 shows the signal in time domain, whereas Figure 3 shows the HHT plot of

the same signal.
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Figure 2.2 : Time plot of the example non-stationary sinusoidal signal.
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Figure 2.3:Time plot of the non-stationary sinusoidal signal.
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3. MEDIAN EMPIRICAL MODE DECOMPOSITION

Data Hilbert Huang Transform consists of two fundamental steps, i.e. Empirical
Mode Decomposition and Hilbert Spectral Analysis. The EMD generates the IMFs
and Hilbert Spectral Analysis allows to see the instantaneous frequency as a function

of time for each IMF component.

This study proposes an improvement for the EMD method by applying variable sized

median filters, where a median filter is applied to each IMF component.

Gabor Transform (Short Time Fourier Transform) also uses windows to analyze
sections of the signal, however with a fixed window size and provides a limited
precision since the precision is determined by the size of the window which is fixed

and same for all frequency components[33].

Wavelet transform also uses the windowing technique however with a variable size
window, where window size is increased to capture more precise low frequency
information and window size is decreased to capture more precise high frequency

information[34].

In this proposed improvement, a variable window size is used for applying the
median filter. A smaller window size is applied for initial IMFs which represents the
higher frequency components, whereas a bigger window size is applied for the latter
IMFs which represents the lower frequency components of the signal. It is important
to note that the chosen window size is used for the whole duration of a given IMF

and the size does not differ within the given IMF itself.

3.1 Median Filter

Median filter is a nonlinear filter and it allows the removal of noise and smoothens
the signal. Median filter is commonly used in digital image processing since it allows

keep the edges and remove noise [35]. It is also used in signal processing [36].
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The function of a Median filter can be given as in (3.1) [37];
y(t) = median[x(t — 1), x(t = +1)..x(n)..x(t +1 =1), x(t +1)] 3.1)

Where x is the input and y is the output signal.

Median filter goes through the signal point by point and replaces each input with the
median of its neighbors [36]. These neighbors define the window and the number of
neighbors in the calculation defines the window size. This is a sliding window which
slides per each input over the entire signal [37]. To summarize, for a single-
dimension time-amplitude signal; the window is the number of preceding and
following entries of a given point and the number of those points are defined by the

size of the window.

A small window sizes is helpful for noise elimination but also results in loss of
information, whereas a large window size does the opposite; preserves information

however provides reduced noise elimination [38].

As an example, using a window size of three and taking consecutive points a median

filter will be applied to the below simple data shown in (3.2) ;

y =(2,6,4,80,35) (3.2)

The median filtered output signal y, can be shown as in (3.3);

y, =med(2,2,6) =2 (3.2a)
y, =med(2,6,4) =med(2,4,6) =4 (3.2b)
Yy, =med(6,4,80) = med(4,6,80) =6 (3.2¢)
y, =med(4,80,3) = med(3,4,80) =4 (3.2d)
Y =med(80,3,5) =med(3,580) =5 (3.2¢)
Ys =med(3,5,5) =5 (3.2f)

14



yf =(4,6,4,5) (3.29)

In the above example, since there is no entry before the first entry, that first entry is
repeated for its median calculation, this also applies to the last value in order to have
enough entries for the window. There are various ways to process those boundaries,
e.g. avoiding the boundary points until there is enough data to create a window while

shrinking the window size at the boundary points[37].

3.2 EMD with Median Filter - MEMD

This section describes the improved EMD method, namely MEMD where median

filter with variable window size is applied in the process.

Briefly, this process has 3 fundamental steps; the EMD method is applied to the data
and IMFs are generated. Each of these IMFs are then filtered by a median filter and
then the resulting filtered IMFs are summed again to generate the filtered version of
the original data. Afterwards, as the final step, EMD is again applied to this filtered

data and the improved IMFs are generated.

Once signal is decomposed in to IMFs (different frequency components) by means of
EMD, median filter is applied for each of these components. Since each IMF
represents a different frequency component of the original data, applying a median
filter with variable window size can provide better results in terms of handling
different frequency bands. For the initial IMFs i.e. the high frequency components; a
smaller window size is applied whereas the window size is increased for the lower
frequency IMF components. This allows us to eliminate the noise in high frequency
components while keeping the information of lower frequency components intact
[7,39].

Further details related to the median filter will be provided later on in this section

after the flowchart of the process is explained.

Once all the IMFs are generated and the relevant median filters are applied for each
of those IMFs, we end up with median filtered IMFs out of the regular EMD process.
These resulting filtered IMFs are again summed together to generate the filtered

version of the original data.
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At this point, EMD process is again applied to the filtered version of the original data
and new IMFs are generated.

The process consists of the following steps;

e Step 1: Apply EMD algorithm to the signal x(t) and get the IMF components
¢, (t) and the residue r(t) where k=1,2,...L the number of IMFs.

e Step 2: Use the window size hf for the IMFs defined to be high frequency and
use the window size If for the rest of the IMFs to produce the median filtered

IMFs C,, (t) Step 3: Sum all the median filtered IMFsc_,,(t) to create the

filtered version of the original signal i.e. Xereq (t) -

e Step 4: Apply the EMD algorithm on Xg.., () to generate the improved

IMFs d_ (t) where m=1,2,...M is the number of improved IMFs.

The window size of the median filter increases with the order of IMFs. A smaller
window size is chosen for the initial IMFs, where window size grows for the latter
IMFs. To realize this, two adaptive windows are defined, where the “high-
frequency” IMFs are filtered with the smaller window and the rest with the larger

window size.

Once the initial EMD process is completed and the IMFs are generated, the dominant
frequency of each IMF is checked, i.e. the frequency band that carries the most
energy. If L is the number of IMFs, then the following fundamental frequencies are

available as shown in (3.3);

Fivess fvezros e (3.2

An IMF is considered to be high frequency if the fundamental frequency of that IMF
is higher than the half of the highest frequency IMF plus the lowest frequency IMF.

Fundamental High frequency — Low frequency criteria point is given in (3.3) [7]:

< fIMFl

fiei —T"' Fiee (3.3
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fIMFl

fir > + fie (3.38)

If (3.3) holds true, then the IMF is considered a low frequency IMF, whereas if (3.3a)
holds true then the IMF is considered to be a high frequency IMF.

Based on the above decision point; IMFs are classified as high frequency and low
frequency. All IMFs from i to L including i would be processed as low frequency,

whereas all IMFs from 1 to i would be processed as high frequency IMFs.

The below window sizes are applied for each IMF based on them being high or low

frequency[7];

High frequency window size for the it IMF is shown in (3.4);
i
hf = round(EH(lMF,)j (34)
Low frequency window size for the i IMF is shown in (3.5);
_ i 2
If = round(E(H (IMF)) j (3.5)

Where L shows the number of IMFs and H(IMF,) represents the Shannon entropy
of the IMF.

The Shannon entropy of the IMF is calculated as in (3.6) [40];
k - -
H(p)=-_ p(i)log( p(i)) (3.6)
i=1

The above criteria on how to calculate the window size for median filter allows to
create a unique median filter with a unique window size per each IMF. The method
links each window size with the whole data by means of using the number of the
IMFs, moreover it also links the window size with each IMF itself via the entropy of

that given IMF.

A fixed window size per IMF [7] provides a means to improve the data by removing
as much impulse noise as possible, whereas this new method applied in MEMD

additionally provides a direct connection between the entropy of each IMF and the
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window size for the median filter. As it will be explained further within this paper as

part of the experiment and the analysis; this new method does not only help to

eliminate noise and improve mode-mixing [7], but also allows a clear distinction of

physically meaningful frequency components of the data.

The flowchart of the whole process is shown in Figure 3.1.
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!
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¢ (t)

Median Filter
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with HF
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Cmgd.L(t)

Reconstructed Signal xfjpereq (£)

J

EMD [xffl.tered (t)]

A

Y

dy (1)

d(t)

l

dy(t)

Figure 3.1:The flow chart of the algorithm.
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4. COMPARISON OF EMD AND MEMD

This section is going to compare the EMD with the proposed improvement i.e.
MEMD to show the differences and the added value of the MEMD on generating
IMFs.

Both methods are first tested on simulated data where the fundamental frequency
components are clearly distinguishable. Secondly, both methods are tested on real
data that belongs to the rolling bearing vibration data of an induction machine from

an accelerated aging process.

4.1 Simulated Data

A stationary signal with the frequency components of 50Hz, 200Hz, 500Hz and 1
KHz is used to verify the results of both the EMD and the MEMD method. This

signal also includes impulse noise which is inserted to the data at certain intervals.

The signal can be given as in (4.1);
y(t) =sin(2750t) + sin(272200t) + sin(27500t) + 0.3sin(271000t) (4.1)

The impulse noise can be defined as below; A random noise with a greater amplitude
of the signal that is injected for the duration of t=0.005 seconds at points t=0.05,
t=0.15, t=0.27, t=0.39 and t=0.48. The sampling frequency fs=10 KHz.

In order to analyze the data; Power Spectral Density (PSD) graphs are referred. The
PSD of a signal shows the distribution of power per each frequency component of
that signal [33].

19



As Figure 4.1 and Figure 4.2 show, there are three main frequency components of the
signal i.e. 50Hz,200Hz, 500Hz and 1000Hz along with the high impulse noise

injected.
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o
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Figure 4.1:The time domain representation of the data with impulse noise.
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Figure 4.2:The PSD of the data with impulse noise.
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It is worth to note that the 50Hz frequency component cannot be clearly seen in the
PSD plot due to the high impulse noise, thus by checking the PSD of the data, it

cannot be clearly understood that there is a 50Hz component of the data.

EMD is applied to the data, and as a result 11 IMFs are generated. The first 4 IMFs
contain the most significant information whereas the rest of the IMFs are almost

monotonous.

Figure 4.3 and Figure 4.4 show the results of the EMD process in time and frequency

domain respectively.

20



el E F ¥ L0
: Y. 7. F T %
$ L4 4 N
g &[T T ¥ 119
é— ﬁll‘,c “‘.z :?.4 s :
< Ef,..‘I.\.,M.,:H._._..-‘H._ ..‘_;‘"_,..-wl;‘ |
w | w - ': k- -
o)

=3
n
»

Time

Figure 4.3:The first 4 IMFs with the most significant information related to the
original signal.
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Figure 4.4:The PSD of the first 4 IMFs.

In Figure 4.3, the impulse noise is clearly visible and dominant in the 1st IMF and
can also be seen in the 2nd IMF as well. Also it is worth to notice that due to the high
change in the data value, the end effect problem of EMD is clearly visible in all 4
IMFs [41].

Figure 4.4 shows the PSD of the first 4 IMFs and it can be seen that the impulse
noise has a big impact on the results. The 1st IMF can filter the 1 kHz component of
the signal, however without knowing upfront the components of this data, it would
not be possible to differentiate this information from the existing noise on the lower

frequencies.

The 2nd IMF is the most successful one where the 500 Hz component of the signal is

clearly visible and there is negligible amount of noise components in this IMF. The
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3rd and the 4th IMFs are mixed up with the noise and the end effects, thus it is not

possible to make any useful conclusions out of those IMF components.

Figure 4.5 shows the IMF components which are the result of the MEMD with the
median filtering method. As it can be seen, the impulse noise is mostly filtered out

and also the resulting impact of the end effect problem is not high.
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Figure 4.5 :The first 4 MEMD IMFs with the most significant information related to
the original signal.

Figure 4.6 shows the PSD of the first 4 IMFs of the MEMD and it can be seen that
the impulse noise is mostly filtered out. Also each frequency component of the signal
is clearly separated into the 4 IMFs from high frequency to low frequency, thus no

mode mixing is seen.
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Figure 4.6 : The PSD of the first 4 MEMD IMFs.
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To further evaluate the performance of this new MEMD, the comparison of EMD
and the MEMD is done for different amplitude impulse noises; i.e. the amplitude of
the impulse noise is 0.5, 1, 5, 10 and 20 times the amplitude of the signal itself.

Figure 4.7 and Figure 4.8 show the impulse noise with amplitude 0.5 times the
original signal. The original EMD method is successful in separating the data into
IMFs with some slight error on the 4th IMF as seen in Figure 4.8.
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Figure 4.7 :The first 4 IMFs with the most significant information with EMD where
impulse noise amplitude is 0.5 times the original signal.
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Figure 4.8 :The PSD of the first 4 IMFs with the EMD method where impulse noise
amplitude is 0.5 times the original signal.

Figure 4.9 and Figure 4.10 show that the MEMD method is also successful in
producing the IMFs however comparing the 4th IMF between Figure 4.8 and Figure
4.10, it can be said that the MEMD method is better since in Figure 4.8 original

EMD method has some additional frequencies on top of the 50 Hz component.
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Figure 4.9 : The first 4 IMFs with the most significant information with MEMD
where impulse noise amplitude is 0.5 times the original signal.
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Figure 4.10 : The PSD of the first 4 MEMD IMFs where impulse noise amplitude is
0.5 times the original signal.

Figure 4.11 and Figure 4.12 show that the EMD method is able to decompose signal
into IMFs successfully with a slight error on the 4th IMF where the lowest frequency
component resides in. By checking Figure 4.8 and Figure 4.12 where the impulse
noise amplitude is equal to or less than the amplitude of the signal itself, the EMD

method can be successfully implemented to produce the IMFs.
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Figure 4.11 : The first 4 IMFs with the most significant information with EMD
where impulse noise amplitude is the same as the original signal.
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Figure 4.12 : The PSD of the first 4 IMFs with the EMD method where impulse
noise amplitude is the same as the original signal.

Figure 4.13 and Figure 4.14 show that the MEMD method provides more accurate
IMFs. Comparing the 4th IMF between Figure 4.12 and 4.14, it is again seen that the
original EMD method provides some inaccuracy in the 4th IMF which has the lowest
frequency components.
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Figure 4.13 : The first 4 IMFs with the most significant information with MEMD
where impulse noise amplitude is the same as the original signal.
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Figure 4.14 : The PSD of the first 4 MEMD IMFs where impulse noise amplitude is
the same as the original signal.

Figure 4.15 and Figure 4.16 show the original EMD method is showing additional
components next to the actual signal components. Especially the 4th IMF is not
providing a clear distinction of the 50Hz component anymore, when the impulse
noise amplitude becomes greater than the signal amplitude, such as 5 times as in
Figure 4.15 and Figure 4.16.
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Figure 4.15 : The first 4 IMFs with the most significant information with EMD
where impulse noise amplitude is 5 times the original signal.
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Figure 4.16 : The PSD of the first 4 IMFs with the EMD method where impulse
noise amplitude is 5 times the original signal.

Figure 4.17 and Figure 4.18 show that the MEMD method provides more accurate
IMFs especially for the lowest frequency component namely the 4th IMF. Figure
4.16 and Figure 4.18 clearly shows a difference in accuracy between the normal and
MEMD methods where the original EMD method is clearly less accurate when the

impulse noise amplitude is 5 times greater than the signal amplitude.
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Figure 4.17 : The first 4 IMFs with the most significant information with MEMD
where impulse noise amplitude is 5 times the original signal.
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Figure 4.18 : The PSD of the first 4 MEMD IMFs where impulse noise amplitude is
5 times the original signal.

Figure 4.19 and Figure 4.20 show the results of the original EMD method when the
impulse noise amplitude is 10 times greater than the original signal. It can be said
that the EMD method is not accurate anymore since there are unwanted components
for all of the 4 IMFs and the 4th IMF is especially not providing any clear
information about the data itself anymore.
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Figure 4.19 : The first 4 IMFs with the most significant information with EMD
where impulse noise amplitude is 10 times the original signal.
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Figure 4.20 : The PSDof the first 4 IMFs with the EMD method where impulse
noise amplitude is 10 times the original signal.

Figure4.21 and Figure 4.22 show that even when the impulse noise amplitude is 10
times greater, the method is still able to provide accurate decomposition. There is a
slight interference on the 4th IMF, however the first 4 MEMD IMFs still provide a

clear decomposition of the frequency components of the signal.
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Figure 4.21 : The first 4 IMFs with the most significant information with MEMD
where impulse noise amplitude is 10 times the original signal.
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Figure 4.22 : The PSD of the first 4 MEMD IMFs where impulse noise amplitude is
10 times the original signal.

Figure 4.23 and Figure 4.24 show the EMD method results when the impulse noise
amplitude is 20 times that of the original signal. By looking at Figure 4.24; it can be
said that the EMD method is not usable anymore and does not provide clear IMF

components which can be used for the analysis of this signal.
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Figure 4.23 : The first 4 IMFs with the most significant information with EMD
where impulse noise amplitude is 20 times the original signal.
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Figure 4.24 : The PSD of the first 4 IMFs with the EMD method where impulse
noise amplitude is 20 times the original signal.

Figure 4.25 and Figure 4.26 show the results of the MEMD method when the
impulse noise signal amplitude is 20 times greater than the original signal. Figure
4.26 clearly shows the 4 frequency components of the signal in the first 4 IMFs.
There is an additional interference on the 3rd IMF, however the main frequency

components are still the dominant components in all the 4 IMFs.
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Figure 4.25 : The first 4 IMFs with the most significant information with MEMD
where impulse noise amplitude is 20 times the original signal.
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Figure 4.26 : The PSD of the first 4 MEMD IMFs where impulse noise amplitude is
20 times the original signal.

In general, the above different impulse noise tests show that, when there is
significant impulse noise, MEMD s still successful in properly decomposing the

signal to its relevant frequency components while EMD is not successful in this.

4.2 Real Data From an Induction Machine

In this section, the MEMD method is tested on real data which is collected from the
rolling bearing vibration data of an induction machine from an accelerated aging

process.
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4.2.1 Accelerated aging and bearing damage

A test setup is designed to simulate the electrical discharge from the shaft to the
bearing due to the fact that the shaft currents which are produced by power
electronics motor drives are the main reason of the bearing damage [42, 43, 44]. In
order to simulate the electrical discharge from the shaft to the bearing, a special test
setup was designed [43]. A schematic presentation of this Electrical Discharge
Machining (EDM) for the bearing elements can be seen in Figure 4.27. The motor
was run at no load for 30 minutes for each cycle with an external shaft current of 27
Amperes at 30 Volts AC[43,44].

Induction Motor
5 HP

30V 27A
50Hz AC
Power

Supply

Ground

Figure 4.27 : EDM Test setup.

The EDM aging was followed by thermal aging in order to accelerate the aging
process. After each cycle of accelerated aging, the test motor was put on a motor
performance test platform. The aging of the motor is realized in cycles, where each
cycle includes an EDM and thermal aging process. After each cycle of accelerated
aging, the motor was run on a performance test platform [43,44]. During the
performance test, current, voltage, rotor speed, torque and vibration data were

collected from the motor with a sampling frequency of 12 kHz.

In total there were 8 cycles, where cycle 0 was the healthy operational state of the

motor and cycle 7 was the faulty case.

Figure 4.28 shows the performance test setup used after each accelerated aging
process where the data collection on the motor is done. There are in total six
accelerometers used for different vibration measurements. The sensors S1 and S2 (in
plane A-B) are identical and provides the most significant data in terms of bearing
damage [42-44]. Thus, Sensor S-1 is chosen for the analysis. As the aging

progresses, the vibration amplitude increases [42].
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Figure 4.28 : Motor performance test and data acquisition setup.

Figure 4.29 and Figure 4.30 show the PSD of the healthy and faulty states of the

motor.
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Figure 4.29 : The PSD of the healthy motor.
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Figure 4.30 : The PSD of the faulty motor.
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The PSD of the healthy state of the motor in Figure 4.29 shows frequency
components around 2.5 kHz with very low amplitude.

The PSD of the faulty state of the motor in Figure 4.30 shows that those frequency
components around 2.5 kHz are greatly increased in amplitude. These frequency
components around the range of 2.5 kHz are known to be the characteristics of the
fault [42].

By comparing Figure 4.29 and 4.30, it is importanttonote that the fault related
frequencies around 2.5 kHz[42] are already available in the healthy motor as seen in
Figure 4.29 with a relatively very low amplitude and as the degradation of the
bearing progresses, these components around 2.5 kHz become more visible in the

frequency spectrum.

4.2.2 MEMD method for early fault detection

The data gathered from the healthy state of the motor is analyzed by both EMD and
the MEMD method.

Figure 4.31 and Figure 4.32 show that there is a big difference between the 1st IMF
of EMD and the MEMD. InMEMD, the high frequency components on the
neighborhood of 2.5 kHz are filtered as a separate component. The MEMD method
shows the components with the ~ 1kHz frequency range as a second IMF. However
the EMD method mixes those ~2.5 kHz components with the ~1 kHz frequency
range components and fails to distinguish these two different physical facts.
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Figure 4.31 : The 1st IMF of the EMD for the healthy motor.
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Figure 4.32 : The 1st IMF of the MEMD for the healthy motor.

The physical meaning of this is that; the very low amplitude fault frequencies are
recognized as a separate component, instead of summing them together with the 1
kHz components. This is made possible by the median filter, where the filtering
softens the high amplitude components of the lower frequencies, thus providing the
possibility for EMD to be able decompose this underlying physical fact as a separate
component. In other words, the filtering allowed EMD method to catch these very
low amplitude high frequency components (~ 2.5 kHz) in the presence of the lower
frequency components with the much higher amplitude values. This fact is also fully

in line with the physical properties of the system [42].

Figure 4.33 shows the 2nd IMF for the regular EMD method. By checking the 1st
and 2nd IMFs of the original EMD method; respectively the Figure 4.31 and Figure
4.33, it is seen that there is a considerable amount of mode mixing present on the 1
kHz frequency range. Both 1st and 2nd IMF of the regular EMD represent the same
physical components while missing the fault features as a separate component.
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Figure 4.33 : The 2nd IMF of the EMD for the healthy motor.

36



It is interesting to note that the 2nd IMF of MEMD method , as seen in Figure 4.34,
successfully represents the 1 kHz range physical component with relatively little
mode mixing. Briefly, the information represented in the 1st IMF of the regular
EMD method is successfully divided into two in the MEMD method as shown in
Figure 4.32 and Figure 4.34, and the 1st MEMD IMF represents the fault
frequencies, which means the physical impact of the degradation can already be
identified as a feature/component which can be monitored for the degradation.
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Figure 4.34 : The 2nd IMF of the MEMD for the healthy motor.

Briefly; the 1st and 2nd IMF of the regular EMD method show a mix of components
(the 1 kHz range and the 2.5 kHz range), while the MEMD method clearly separates

these two different physical facts into two different IMFs.

The MEMD method’s contribution is that it successfully distinguishes the physically
meaningful fault frequency components that are already available in the initial
healthy state measurements with very low amplitude, while the regular EMD method
fails in this and can only distinguish these components when the fault is already

present.

While the method was able to distinguish this physical fact, it did not have a
significant success in the lower frequency ranges in terms of distinguishing more
detailed physically meaningful frequency components compared to the traditional
EMD method. This limitation would require further study and analysis in order to

provide an improvement on the lower frequency range as well.

It is shown that the MEMD method which has adaptive window sized median filter

provides an improvement for the mode-mixing problem by noise filtering and by
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allowing the data to be decomposed into physically meaningful components that
were not separable previously.

Data from the induction machine rolling bearing fault is used to compare the MEMD
and EMD methods. MEMD method is successful in distinguishing the very low
amplitude frequencies related to the fault at the healthy state, whereas the EMD
method failed in doing so.

The first IMF of the traditional EMD method shows the fault related frequencies
mixed with the frequencies of the operation of the motor and is not able to
distinguish them. On the contrary, the improved MEMD method shows these fault
related higher frequencies as the 1st IMF, while the operational frequencies are
pushed to the 2nd IMF. This shows that the improved MEMD method is able to
decompose the data into physically meaningful frequency components [7]. Figure
4.35 shows the comparison of the 1st IMF for both improved and the traditional
EMD methods and Figure 4.36 shows the comparison of the 2nd IMF for both
improved MEMD and the traditional EMD methods.
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Figure 4.35 : Comparison of the PSD for the 1st IMF of EMD and MEMD for
healthy data.
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Figure 4.36 : Comparison of the PSD for the 2nd IMF of EMD and MEMD for
healthy data.

4.2.3 MEMD with auto associative neural networks for fault prediction and

detection in induction motors

In this application, the data gathered from the healthy status of the motor, as
explained in previous section, is used to train and validate an Auto Associative
Neural Network (AANN). AANNs are feed forward networks with identical input

and output vectors [45].

First, MEMD is applied to the healthy data and then the PSD output of the first IMF
of MEMD is used to train an AANN network. The reason to choose the 1st IMF is
that the 1st IMF of the MEMD is proven to be showing the frequencies directly

correlated with the fault.

In this setting the input to the AANN was the PSD output i.e. the frequency f and the
relevant amplitude p per each frequency.

Figure 4.37 shows the AANN input and outputs.

(p,f) (p.f)

— AANN ——

Figure 4.37 : The AANN with identical inputs and outputs.

The AANN has 7layers of “purelin” function which represents the linear transfer

function as shown in below Figure 4.38.
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Figure 4.38 : Linear Transfer Function i.e. purelin.

Each of these 7 layers have 20, 11,10,10,10,10,2 neurons respectively. The structure

of the neural network is given in below Figure 4.39.

Figure 4.39 : The AANN structure.

The AANN is trained with the healthy data using the Levenberg-Marquardt training

algorithm.

The performance was measured by Mean Squared Error (MSE). Training is stopped
when the MSE reached 5,78*1022 .

Figure 4.40 shows the training performance.

Best Training Performance is 5.7784e-22 at epoch 12

107 R

10-10 .

Mean Squared Error (mse)

10-20 +

0 2 4 6 8 10 12
13 Epochs

Figure 4.40 : Training performance of the AANN.

This AANN is used as part of an algorithm to detect any change in data, especially

on the relevant frequency bands- and predict the fault before it occurs.

The PSD of the actual healthy input data to AANN is compared with its output by

means of calculating the Euclidean distance between each data points.
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Assuming the PSD of the actual healthy data is y(fi,pi), and the output of the AAN is
yn(fni,pni) where f and p represents the frequency and the amplitude respectively,

then the so called error based on the Eucliean distance can be calculated as in (4.1);

error(i) =/(p, — py, J +(f, = 1, f “.1)

The plot of this error shows the deviation of the frequency spectrum compared to the
healthy motor status. The higher the change on a given frequency, the higher the
error will be on that frequency.

Using this method, the different cycles of the motor data is used to detect the

deviation.
Three different cycles from the aging process are used as described below;
e Cycle 0: The healthy operational status of the motor
e Cycle 5: The motor has aged and at the verge of fault but still operational

e Cycle 7: The fault(bearing damage) has developed and the motor requires

maintenance

Figure 4.41 shows the error for the healthy status and this data is used as the
reference-starting point.

AANN Error
0.07 T T

0.06

0.05

Error (euc. dist.)

0
0 1000 2000 3000 4000 5000 6000 7000
Frequency [Hz]

Figure 4.41 : Neural Network Training results — healthy data.

Figure 4.42 shows the error for cycle 5 where the motor has considerably aged and is
on the verge of fault. It is seen that the error has a significant increase mostly at the
2-3 KHz frequency range.
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Figure 4.42 : Neural Network error — cycle 5 fault has started.

Figure 4.43 shows the error for cycle 7 which is the faulty state where the bearing
damage is present. The error on 2-3 KHz range is even higher in this situation which
shows that as the fault builds up in the bearing, the described method is able to catch

that anomaly and show it as an increase in the Euclidean distance error measurement.

This shows that the new MEMD method can be used as a feature extraction

technique for a pattern recognition — neural network algorithm for fault detection.
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Figure 4.43 : Neural Network error — Cycle 7 fault.
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5. CONCLUSION AND RECOMMENDATIONS

This dissertation focused on the Empirical Mode Decomposition part of the Hilbert
Huang Transform. EMD allows the HHT to be applied to any oscillatory data

including nonlinear and/or non-stationary data.

First, the trouble of analyzing the nonlinear and non-stationary data by using the

general time-frequency analysis methods is given.

Secondly, the alternative to those methods, namely the Hilbert Huang Transform is
explained. Since this is an adaptive transformation without an a priori functional

basis, the related problems such as the mode mixing is mentioned.

Next, an improved EMD method is proposed where a variable window sized median
filter is used in the EMD process. A narrow window sized median filter is used for
high frequency components, whereas a broader window sized median filter is used
for lower frequency components. This adaptive window size allows to eliminate the
noise in high frequency components while keeping the information intact in the
lower frequency components. This new method, MEMD is tested and compared with
EMD on anon-stationary simulated data and also on a dataset gathered from an
accelerated aging of bearings in induction motors. It was shown that the MEMD
method provided an improvement in terms of mode mixing problem and also of
decomposing data into actual physically meaningful components compared to EMD.
This success of MEM allows it to be used as a feature extraction.

Figure 4.35 and Figure 4.36shows the comparison of the first two IMFs of EMD and
MEMD methods for the accelerated aging data from the healthy motor. It is seen that
for EMD, both IMFs are more or less the same, combining the motor operational
frequencies together with the low amplitude fault related frequencies. This is an

example of the mentioned mode mixing problem.

The MEMD however shows the low amplitude fault related frequencies as the 1st

IMF itself in Figure 4.35and the motor operational frequencies as the 2nd IMF in
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Figure 4.36which provides a clear distinction of the two different physical

mechanism.

This proves that the MEMD provides an improvement to the EMD in terms of mode

mixing and decomposing different physical facts as different components.

Future studies on this method can verify its applicability to different problems and
data while providing a more theoretical background to the determination of the low

and high frequency IMF selection criteria within the MEMD process.

Considering the fact that the data gathered from the real physical word is almost
always nonlinear and non-stationary, further studies are required for this kind of
empirical, adaptive methods and transformations. This thesis is a step in such a

research to improve the way nonlinear and non-stationary data is analyzed.
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