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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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SİNYAL ANALİZİ İCİN MAKİNE ÖĞRENME ALGORİTMALARI İLE 

DESTEKLENEN GELİŞTİRİLMİŞ HİLBERT HUANG DÖNÜŞÜMÜ 

ÖZET 

Dünyayı ve içinde olan fiziksel proseslerin tanımlanabilmesi için söz konusu 

sistemlerden veri toplanması ve yorumlanması gerekir. Bu amaçla sinyal analizi 

alanında farklı metotlar ve araçlar geliştirilmiştir. 

Veriyi sağlıklı bir şekilde yorumlamak için, kullanılacak metodun zayıf, güçlü 

yanlarının ve sınırlaırnın net bir şekilde anlaşılması gerekir.  

Frekans analiz metotları, sinyalın içinde ki farklı frekans bileşenlerini anlayıp analiz 

etmeyi sağlar.  

Fourier Dönüşümü, Kısa Zamanlı Fourier Dönüşümü, Dalgacık Dönüşümü, Wagner-

Ville dağılımı frekans analiz metotlarına verilecek örneklerdir. Her bir yöntemin 

kendine ait farklı limitleri vardır, ve bu limitlerde bu yöntemlerin sinyal analizinde 

ne şekilde kullanılabileceğininin sınırlarını tanımlar.  

Örnek olarak, Fourier dönüşümü; tüm sinyallerin farklı sinüzoidal fonksiyonların 

toplamı şeklinde ifade edilebileceği üzerine kurulmuştur. Bu sayede, Fourier 

dönüşümü; bir sinyalin içinde bulunan farklı frekans bileşenlerini farklı sinüs 

fonksiyonları şeklinde tanımlayarak sınyali bileşenlerine ayrıştırabilir. Fakat, Fourier 

dönüşümü bu sinüs fonksiyonlarının sabit genlik ve fazları olmasını gerektirir ve bu 

da Fourier dönüşümünü kısıtlayan bir durumdur. 

Genel olarak bakıldığında sinyal analizi metotları; verinin doğrusal veya durağan 

olduğu varsayımına dayanırlar. Fakat doğada bu tür bir veriye rastlamak çok düşük 

bir olasılıktır. Doğada olan olaylarda toplanan veri durağan olmayan ve doğrusal 

olmayan özellik gösterirler. 

Durağan olmayan ve doğrusal olmayan sinyalleri belirli bir noktaya kadar analiz 

edebilmek için bir takım sinyal analiz yöntemleri geliştirilmiştir. 

Kısa Zamanlı Fourier Dönüşümü, Dalgacık Analizi, Wigner-Ville dağılımı durağan 

olmayan fakat doğrusal olan sinyalleri analiz edebilmek için geliştirilmişlerdir. Buna 

ek olarak, doğrusal olmayan durağan siıstemlerin analizi için de bir takım yöntemler 

geliştirilmiş olsa da, bu tür yöntemlerin hepsinde sinyalin durağan olduğu ya da 

sinyalin doğrusal olduğu varsayımına dayanılır.  

Bu tez çalışması yukarıda bahsedilen metotlardan farklı olarak durağan olmayan ve 

doğrusal olmayan sinyal analizi yapabilen Hilbert Huang Dönüşümü ve bu 

dönüşümde yapılabilecek iyileştirmeler ve sonuçları üzerinedir. Hilbert Huang 

Dönüşümü, durağan olmayan ve doğrusal olmayan bir sinyali farklı frekans 

bileşenlerine ayırabilmektedir.  Hilbert Huang Dönüşümü uyarlanabilir bir zaman-

frekans anaiz yöntemidir ve önceden tanımlanmış baz fonksiyonları gerektirmez.  
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Hilbert Huang Dönüşümü iki adımdan oluşur. Hilbert Huang dönüşümü veriye ilk 

adımda ampirik biçim ayrıştırması ve  ardından Hilbert tayf analizi yapılmasıyla 

gerçekleştirilir.  

Ampirik Biçim Ayrıştırması yönteminde kullanılan ayıklama işlemi verinin 

kendisinden uyarlanabilir baz fonskiyonları türetilmesine olanak sağlar. Diğer 

yöntemlerde ise bahsedilen baz fonksiyonları sinyalden bağımsız olarak önceden 

tanımlanmış olur. Uyarlanabilir baz fonksiyonları sinyale ampirik biçim ayrıştırma 

yönteminin uygulanmasıyla elde edilir. Bu uyarlanabilir baz fonksiyonlarına İçsel 

Biçim Fonksiyonları denir. 

Elde edilen İçsel Biçim Fonksiyonlarına Hilbert dönüşümü uygulanması sonucu elde 

edilen faz fonksiyonlarının türevleri kullanılarak anlık frekans bilgisi hesaplanır. 

Hilbert Huang Dönüşümü harmoniklerin ve belirsizlik prensibinin getirtiği 

sınırlandırmalardan etkilenmez. 

Ampirik biçim ayrıştırma yöntemi, Hilbert Huang Dönüşümünün temel 

bileşenlerinden biridir ve tek başına Hilbert Huang Dönüşümü dışında da çok geniş 

bir uygulama alanına sahiptir. Bu alanlara örnek olarak, rulman arızası tespiti, 

biyomedikal veri analizi, güç sinyal analizi ve sismik analiz verilebilir. 

Ampirik biçim ayrıştırma yönteminin birçok farklı uygulama alanı olmasına rağmen, 

halen çözüm bekleyen sorunları vardır. Bunlara ornek olarak biçim karışması, uç 

etkileri ve eğri sorunları verilebilir. Ampirik biçim ayrıştırma yöntemi sinyali 

birbirinden bağımsız ve tamamen farklı eşsiz İçsel Biçim Fonksiyonlarına 

ayrıştıramazsa, farklı İçsel Biçim Fonksiyonlarında aynı frekans bileşenleri var olur. 

Bu soruna biçim karışması denir. Ampirik biçim ayrıştırma yönteminde görülen bir 

diğer sorun ise, uç etkileridir. Bu sorun, Ampirik biçim ayrıştırma yönteminde 

kullanılan uygun zarf eğrisi hesaplamasında başlangıç ve bitiş noktalarında büyük 

sapmalar olması nedeniyle görünür. Bu soruun çözümü için B-eğrisi ampirik biçim 

ayrıştırma yöntemi, maskeli sinyal ile geliştirilmiş ampirik biçim ayrıştırma yöntemi, 

uyarlanabilir hızlı toplu ampirik biçim ayrıştırma yöntemi ve dalgacık paket gürültü 

azaltma ile güçlendirilmiş ampirik biçim ayrıştırma yöntemleri örnek verilebilir.  

Bu tez çalışmasında, ampirik biçim ayrıştırma yöntemini geliştirme amaçlı Medyan 

Ampirik Biçim Ayrıştırma Yöntemi ortaya konmuştur. Medyan filtresi içeren bu 

yöntemin, ani gürültü ve biçim karışma sorunları açısından medyan ampirik biçim 

ayrıştırma yöntemini iyileştirdiği görülmüştür. Medyan filtresi genel olarak farklı 

sinyal işleme uygulamalarında ani gürültüleri filtrelemek amacıyla kullanılmaktadır.  

Medyan ampirik ayrıştırma yönteminde, değişken pencere boyutlu bir medyan 

filtresi kullanılır. İlk olarak sinyale ampirik ayrıştırma yöntemi uygulanır ve içsel 

biçim fonksiyonları elde edilir. Elde edilen içsel biçim fonksiyonlarından yüksek 

frekanslı olanlar dar pencereli medyan filtresi ile filtrelenirken, düşük frekanslı içsel 

biçim fonksiyonlarıda geniş pencereli medyan filtresi ile filtrelenir. Filtrelenen bütün 

içsel biçim fonksiyonları tekrardan toplanır ve asıl sinyal tekrar elde edilirç Bu 

sinyale daha sonra tekrardan ampirik ayrıştırma yöntemi uygulanır ve bu sayede yeni 

medyan filtrelenmiş içsel biçim fonksiyonları elde edilir. Bu şekilde Medyan ampirik 

ayrıştırma yöntemiyle elde edilen içsel biçim fonksiyonlarının ve normal ampirik 

ayrıştırma yöntemiyle elde edilen içsel biçim fonksiyonlarının karşılaştırılması 

sonucunda önerilen yöntemin biçim karışması ve ani gürültü konusunda daha başarılı 

olduğu ve sinyali daha başarılı bir şekilde birbirinden bağımsız frekans bileşenlerine 

ayırabildiği görülmüştür. 
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Geliştirilen yöntem, ilk olarak yapay bir data üzerinde denenmiştir. Farklı frekans 

bileşenleri ve ani gürültü içeren bir veri normal ve medyan ampirik ayrıştırma 

yöntemleriyle ayrıştırılıp farklar karşılaştırılmıştır. Ani gürültünün genliği arttıkça 

normal ampirik ayrıştırma yönteminin frekans bileşenlerini ayırma konusunda 

başarısız kaldığı ve yeni medyan ampirik ayrıştırma yönteminin bu durumdan 

etkilenmediği görülmüştür. 

Medyan ampirik ayrıştırma yöntemi, asenkron motorlarda yatakların hızlandırılmış 

yaşlanmasından toplanan bir veri setinde test edilmiş ve normal ampirik ayrıştırma 

yöntemi ile karşılaştırılmıştır. Medyan ampirik ayrıştırma yönteminin, biçim 

karıştırma problemi ve ayrıca verilerin ampirik ayrıştırma yöntemine kıyasla fiziksel 

olarak anlamlı bileşenlere ayrıştırılması açısından bir gelişme sağladığı 

gösterilmiştir. Medyan ampirik ayrıştırma yönteminin bu başarısı, makine 

öğrenmesinde özellik çıkarımı metodu olarak kullanılmasını sağlar. 

Hızlandırılmış yaşlanma verileri için medyan ve normal ampirik ayrıştırma 

yönteminin ilk iki içsel biçim fonkiyonları karşılaştırılmıştır. Normal ampirik 

ayrıştırma yönteminde her iki içsel biçim fonkiyonunun, motor çalışma frekanslarını 

ve çok düşük genlikli hataya bağlı frekanslarla birlikte net olarak ayrıştıramadan 

göstermiştir. Bu, söz konusu mod karıştırma probleminin bir örneğidir. 

Bununla birlikte medyan ampirik ayrıştırma yöntemi, iki farklı fiziksel 

mekanizmanın açık bir ayrımını sağlamıştır. Birinci içsel biçim fonksiyonu sadece 

arıza ile bağlantılı çok düşük genlikli frekansları gösterirken, ikinci içsel biçim 

fonksiyonu da motorun normal çalışma frekanslarını göstermiştir.  

Bu, medyan ampirik ayrıştırma yönteminin, normal ampirik ayrıştırma yöntemine 

kıyasla biçim karıştırma sorunu açısından daha başarılı olduğunu ve farklı fiziksel 

gerçeklerin farklı bileşenler olarak ayrıştırılması açısından bir gelişme sağladığını 

kanıtlamaktadır. 

Bu yöntem üzerine yapılacak çalışmalar MEMD süreci içinde düşük ve yüksek 

frekanslı IMF seçim kriterlerinin belirlenmesinde daha teorik bir arka plan sunarken, 

farklı sorunlara ve verilere uygulanabilirliğini doğrulayabilir. 

Gerçek fiziksel süreçlerden toplanan verilerin hemen hemen her zaman doğrusal ve 

durağan olmadığı gerçeği göz önüne alındığında, bu tür ampirik, uyarlanabilir 

yöntemler ve dönüşümler için daha ileri çalışmalar gerekmektedir. Bu tez, doğrusal 

olmayan ve durağan olmayan verilerin analiz yöntemlerini geliştirmek için bu tür bir 

araştırmada bir adımdır. 
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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 
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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].  



3 

 

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. 
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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 

intoIMFs 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]. 
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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];  

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

must be equal or differ most by one. 

 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; 

 Determine the local maxima and minima of the signal. 

 Connect the maxima and create an upper envelope (spline) 

 Connect the minima and create a lower envelope (spline) 

 Calculate the local meanm1using the upper and lower envelopes  

 Subtract the local mean from the signal h1 = x(t) −  m1 

 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. 

 

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 c1and 

subtracted from the data as in (2.1). 

11 )( ctxr   (2.1) 

Where 
1r 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; 

n

n

j

j rctx 
1

)(  (2.2) 

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];   


 

 


n

j k

kk

k
th

thth
SD

1
2

1

2

1

)(

)()(
 (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 
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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

)( tyd
t

x
PVtxH 


 











 (2.4) 

The PV refers to the Cauchy’s principle value integral. 

Using the Hilbert transform, the signal is defined in (2.5) [1]; 

)()()()()( tietatiytxtz   (2.5) 

22)( yxta   (2.5a) 

)arctan()(
x

y
t   (2.5b) 

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

instantaneous frequency can be defined as (2.6) 

dt

d
   (2.6) 

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

convolution of x(t) with 
t

1
. 
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Hilbert Spectrum displays the relative amplitude or energy contributions for a given 

frequency at a given time, and can be constructed as (ω,t) . This allows us to 

calculate a marginal spectrum as shown in (2.7); 


T

dttHE
0

),()(   (2.7) 

Thıs 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];  

 







  



n

j

dtti

j

j

etaRtx
1

)(

)()(


 (2.8) 

The residue nr 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 both ja  and j 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 

Frequency 
Convolution:global 

uncertainty  

Convolution:regional 

uncertainty  

Differentiation: 

local, certainty 

Presentation Energy-frequency  
Energy-time-

frequency  

Energy-time-

frequency 

Nonlinear No No Yes 

Nonstationary No Yes Yes 

Feature 

Extraction 
No 

Discrete:no 

Continuous:yes 

Yes 

Theoretical 

base 

Theory complete 

 

Theory complete 

 

Emprical 

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. 

 

 

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]; 

 )(),1()...()...1(),()( ltxltxnxltxltxmedianty   (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) ; 

)5,3,80,4,6,2(y  (3.2) 

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

2)6,2,2(1 medy  (3.2a) 

4)6,4,2()4,6,2(2  medmedy  (3.2b) 

6)80,6,4()80,4,6(3  medmedy  (3.2c) 

4)80,4,3()3,80,4(4  medmedy  (3.2d) 

5)80,5,3()5,3,80(5  medmedy  (3.2e) 

5)5,5,3(6 medy  (3.2f) 
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)5,4,6,4(yf  (3.2g) 

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; 

 Step 1: Apply EMD algorithm to the signal x(t) and get the IMF components 

)(tcl and the residue )(tr where k=1,2,…L the number of IMFs. 

 Step 2: Use the window size hf for the IMFs defined to be high frequency and 

use the window size lf for the rest of the IMFs to produce the median filtered 

IMFs )(, tc lmed Step 3: Sum all the median filtered IMFs )(, tc lmed to create the 

filtered version of the original signal i.e. )(tx filtered . 

 Step 4: Apply the EMD algorithm on )(tx filtered to generate the improved 

IMFs )(tdm 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); 

IMFLIMFIMF fff ,...,, 21  (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]: 

IMFL
IMF

IMFi f
f

f 
2

1  (3.3) 
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IMFL
IMF

IMFi f
f

f 
2

1  (3.3a) 

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 ith IMF is shown in (3.4); 









 )( iIMFH

L

i
roundhf  (3.4) 

Low frequency window size for the ith IMF is shown in (3.5); 









 2))((roundlf iIMFH

L

i
 (3.5) 

Where L shows the number of IMFs and )( iIMFH  represents the Shannon entropy 

of the IMF. 

The Shannon entropy of the IMF is calculated as in (3.6) [40]; 





k

i

ipippH
1

))(log()()(  (3.6) 

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. 

 

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); 

)10002sin(3.0)5002sin()2002sin()502sin()( ttttty    (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]. 
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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. 

 

Figure 4.1:The time domain representation of the data with impulse noise. 

 

 

Figure 4.2:The PSD of the data with impulse noise. 

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. 
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Figure 4.3:The first 4 IMFs with the most significant information related to the 

original signal. 

 

 

 

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. 

 

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. 

 

Figure 4.6 : The PSD of the first 4 MEMD IMFs. 



23 

 

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. 

 

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. 

 

 

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. 

 

 

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. 

 

 

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. 

 

 

 

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. 

 

 

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. 

 

 

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. 

 

 

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. 

 

 

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. 

 

 

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. 

 

 

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 is 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].  

 

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.   

 

Figure 4.29 : The PSD of the healthy motor. 

 

 

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. 

 

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. 

 

Figure 4.33 : The 2nd IMF of the EMD for the healthy motor. 
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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. 

 

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. 

 

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. 

 

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*10-22 .  

Figure 4.40 shows the training performance. 

 

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(fn,i,pn,i) 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);  

   2,

2

,)( iniini ffppierror   (4.1) 

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; 

 Cycle 0: The healthy operational status of the motor 

 Cycle 5: The motor has aged and at the verge of fault but still operational 

 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. 

 

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. 



42 

 

 

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. 

 

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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