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ROLLING BEARING FAULT DETECTION USING ROTARY ENCODER

SUMMARY

For many industrial complex machines, there are various challenging issues which
include reducing machine downtime, managing repairs and maximising operating
times. Any problem or fault in machines can cause failures and downtimes which in
turn can lead to significant economic losses. Therefore, industrial companies need to
plan organized maintenance strategies for optimum productivity. Condition based
monitoring stands out as a highly effective and dependable method widely utilized in
the field of maintenance.

For rotating systems, rolling bearings are one of the commonly used essential machine
elements that are prone to unexpected failures. Traditional monitoring methods
predominantly rely on conventional vibration measurements. In recent years, a novel
approach to monitoring the condition of bearings using torsional vibration signals via
encoder has attracted great attention by scholars. Encoder signals offer notable benefits
over standard vibration signals. For instance, encoders have higher signal to noise ratio
than accelerometers because they are located close to the rotary components while
accelerometers suffer from long and complicated transfer paths. Moreover, encoders
are usually built-in type sensors which make them part of the available systems, and
this brings additional economic advantages for condition monitoring.

However, captured encoder signals are impacted by adverse factors like speed
uncertainties due to random load fluctuations and variations in electric supply. These
factors predominantly affect low-level signals, where diagnostic information is
frequently masked by noise. In order to overcome this challenging problem,
researchers continuously strive to create sophisticated signal processing strategies for
the effective extraction of crucial diagnostic insights from signals with significant
noise interference. In this thesis, conventional and relatively well-established signal
processing methods typically employed in vibration-based fault detection are
examined and their implementations in encoder-based fault diagnosis are investigated.
Particular attention is paid to signal de-noising and enhancement of the measured
signals to improve fault detection performance of proposed method.

In the first chapter, the problem addressed in this thesis is introduced in detail and the
existing literature is thoroughly reviewed. In the second chapter, encoder specific
details and employed signal processing methods are described. Briefly, working
principle of encoders and Instantaneous Angular Speed (IAS) measurement concept
are examined. Theoretical background of the the signal processing methods used in
this thesis are also presented in this chapter.

The subsequent chapter details the experimental setup and outlines the specifics of the
measurement campaign. For the experimental part of the study, an existing Bosch test
bench, designed for endurance validation of high-pressure pumps, is employed. For
the experimental validation of the fault detection methods used in this thesis, artificial
faults are created on the inner rings of cylindrical roller bearings. Due to the
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complicated design of the setup and the adverse effects encountered during the signal
acquisition, measured data inherently contained significant amount of background
noise.

Chapter four focuses on the signal processing of the measured raw data, aiming to
extract hidden information which is critical for detecting bearing faults. An open-
source software, Python, along with its signal processing libraries, are employed to
process the measured signal and apply various signal processing methods for
extracting diagnosic information from measured data. This software choice is based
on the diverse range of available techniques and exponential growth observed in this
area. In this chapter, three different methodologies for fault detection are introduced.
The first employs envelope analysis and spectral kurtosis for detection of faults on the
bearing's inner ring. In this context, different fault sizes are examined, and the
effectiveness of a hybrid approach is investigated. The results clearly indicate that
successful identification of the fault frequency of the bearing's inner ring can be
captured via the envelope spectra. In the second method, signal de-noising is the main
focus of the investigation. Empirical mode decomposition and singular value
decomposition-based bearing fault detection methodology is proposed and proposed
method is compared with direct empirical mode decomposition applied signal without
prior signal de-noising. The findings reveal that the proposed methodology effectively
identifies the bearing inner ring fault frequency in the presence of considerable amount
of background noise. In contrast, approaches relying solely on spectrum analysis and
the direct application of empirical mode decomposition demonstrate limited
effectiveness under similar conditions. When analyzing instantaneous angular speed
variations captured by an encoder, directly detecting fault indicative frequency
components is challenging since the bearing fault carries low energy in the signal.
Therefore, the third method focuses on removing the most deterministic components
from the signal. After filtering, fault frequencies and harmonics were distinguishable
in the signal spectra at various speeds, yielding consistent results. Modulation-related
sidebands were also observed in the signal. Upon examining the effect of speed, it was
found that in our case, detecting bearing frequencies at relatively lower rpms was
easier due to the increase in noise content with rising speed. As a result, findings in
this thesis leads to the conclusion that encoder signal-based fault detection methods
offer an important alternative in bearing condition monitoring. Besides, bearing fault
detection capability of the existing methods can be significantly improved by the use
of signal de-noising.
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ACISAL ENKODER KULLANARAK BILYALI RULMANLARDA HATA
TESPITI

OZET

Bircok endiistriyel makina i¢in makina duruslarinin azaltilmasi, bakim siireglerinin
yonetilmesi ve ¢alisma siirelerinin uzatilmast karsilagilan baglica zorluklardan
birkagidir. Makinalarda meydana gelen herhangi bir ariza ya da hata ciddi ekonomik
kayiplara sebebiyet verebilecek makina duruslarina neden olabilir. Bu nedenle
endiistriyel sirketler, verimliliklerini optimize edebilmek adina sistematik bir bakim
stratejisine ihtiyag duyarlar. Duruma dayali bakim stratejisi, verimliligi ve
giivenilirligi sayesinde makina bakim alaninda en ¢ok kullanilan bakim tekniklerinden
biridir.

Rulmanlar dénen sistemlerde yaygin olarak kullanilan temel makina elemenlarindan
biridir, ancak beklenmedik arizalara egilimlidirler. Cogu durum izleme sistemi,
geleneksel titresim Ol¢limiine dayalidir. Son yillarda ise, alternatif bir metodoloji
olarak mil agisal titresimleri temelli rulman hasar tespit yontemleri arastirmacilar
tarafindan bir hayli ilgi gormektedir. Oteleme yoniindeki titresimler ile
kargilagtirildiginda agisal titresimlerin kullanilmasinin bazi avantajlart mevcuttur.
Ornegin, enkoderler dénen bilesenlere yakin konumlandiklarindan ivmeélgerlerden
daha yulksek sinyal-giiriiltii oranina sahiptir. Ek olarak, agisal enkoderler genellikle
mevcut sistemlerin birgogunda halihazirda bulunan sistemin bir parcasi olan dahili tip
sensorlerdir. Sisteme genellikle ilave bir sensér eklenmemesi ekonomik avantaj saglar.

Ancak enkoder sinyalleri diizensiz yiikk degisimleri ve elektrik sistemindeki
dalgalanmalar gibi etmenlerden olumsuz y6nde etkilenir ve bu etmenler sinyale
giiriiltii olarak yansir. Tan bilgisini igeren diisiik enerjili sinyallerin giiriiltii kaynakli
maskelenmesi hata teshisini zorlastirir. Bu nedenle arastirmacilar, glrQltali
sinyallerden degerli olan tani1 bilgilerini ¢cikarabilmek adina sinyal isleme alaninda ileri
yontemler gelistirmek icin siirekli ¢aba sarf etmektedirler. Bu dogrultuda, nispeten
kendini kanitlamis ve geleneksel ivmedlger bazli hata tespitinde sik kullanilan
yontemler incelenmis ve acisal titresim bazli hata tespitine uygulanabilirligi
aragtirilmgtir. Ilaveten bu ydntemlerin hibrit kullanilmasina dayal:i yeni hata tespit
metotlar1 gelistirilmis ve deneysel dogrulamalar1 yapilmistir. Tez kapsaminda
Ozellikle sinyal giiriiltii ayiklama asamasina 6l¢iim sinyalinin hata tespit kabiliyetini
arttirabilmek adina 6zel ilgi gosterilmistir. Sinyal giiriiltii ayiklanmas1 Oncesi ve
sonras1 durumlar incelenmis, pozitif yonde katki yaptig1 gdzlemlenmistir.

Tezin ilk kisminda, duruma dayali bakim stratejileri ve titresim bazli uygulamalara
kisaca deginildikten sonra ele alinan problem tanitilmistir. Problem tanitimi sonrasi
mevcut literatiir incelenmistir. Literatiir incelemesi enkoder bazli hata tespit metotlari
ve sinyal igleme metotlar1 olmak {izere iki alt baslikta verilmistir.
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Ikinci kisimda ise oncelikle anlik agisal hiz kavrami ele alinmis, bu bashign altinda
enkoder ¢aligma mekanizmasi ve mil anlik agisal hiz 6l¢iim metotu tanitilmistir. Anlik
acisal hiz kavraminin ele alinmasi sonrasi rulman hata frekanslart tanitilmis,
matematiksel alt yapist ve ilgili formiilasyonlar1 verilmistir. Daha sonra sinyal
islemede kullanilan zarf analizi, spektral kurtosis teknikleri tanitilmistir. ilaveten
sinyal giriiltii ayiklama ve sinyal Kkalitesinin iyilestirilmesinde kullanilan Tekil
Degerlere Ayristirma (Singular Value Decomposition, SVD) ve Empirik Mod
Ayristirma (Empirical Mode Decomposition, EMD) metotlarinin teorik alt yapist 6zet
bir sekilde sunulmustur.

Takip eden kisimda ise ¢aligmanin deneysel kismina odaklanilmis kullanilan test
diizenegi tanitilmis ve Slgiim detaylar1 verilmistir. Bu calisma kapmasinda Bosch
firmasina ait hali hazirda yiiksek basin¢ yakit pompalarinin uzun 6miir dayanim
testlerinde kullanilan test diizenegi ve ilgili ekipmanlar kullanilmistir. Test diizenegi
icten yanmali motorlarda kullanilan yakit enjeksyion sistemi alt pargasi olan yiiksek
basing pompasinin ¢alisma kosullarini simiile edecek sekilde tasarlanmistir. Kullanilan
yiksek basing pompasi pistonlu bir pompa olup kam mili vasitasiyla tahrik
edilmektedir. Igten yanmali motorlardakinin aksine kam mili elektrik motoru
vasitasiyla tahrik edilmekte olup gerekli tork elektrik motoru tarafindan
karsilanmaktadir. Test diizenegi mekanik sistemlere ilaveten, yakit ve yag sistemlerini
de igeren hidrolik diizenekler de barindirmaktadir.

Calismalar firmaya ait arastirma ve gelistirme departmanin test merkezinde
yiiriitiilmiistiir. Incelenen metotlarin deneysel dogrulanmasi adina sistemde bulunan
ve tahrik milini destekleyen rulmanlardan biri hedef secilmistir. Secilen rulman
silindirik makarali rulman olup i¢ bilezigi ayrilabilmekte tekrar sokiiliip
takilabilmektedir.

Gelistirilen metotlarin etkinligini incelemek adina segilen silindirik makarali rulmanin
i¢ bilezigi tizerinde farkli boyutlarda yapay hatalar olusturulmustur. Segilen rulmanin
hatasiz ve hatali oldugu durumlar1 temsilen farkli 6l¢timler alinmistir. Bunlardan ilki,
rulmanin hatasiz oldugu durumda alinan referans 6l¢iim olarak adlandirilan 6l¢timdiir.
Ikinci ve iigiincii l¢iimler ise 1 mm ve 2 mm hata genisligine sahip rulmanlar ile alan
hata bilgilerini barindirmasi beklenilen 6lgtimlerdir. Test diizeneginin karmasik yapisi
ve Ol¢iim sirasinda karsilagilan negatif etkenlerden dolayi, dlciilen sinyaller beklendigi
uzere onemli Olglide gurultt icermektedir. Uygulanan sinyal isleme teknikleriyle
giirliltiinlin  6nemli Olgiide ayiklanmasi ve sinyal kalitesinin iyilestirilmesi
hedeflenmektedir.

Dérdiincii kisimda, tez kapsaminda kullanilan sinyal isleme teknikleri ve metotlar
detaylica incelenmis, arastirmalar neticesinde elde edilen wulasilan sonuglar
sunulmustur. Incelenen sinyallerin analizi ve sinyal isleme metotlarinin uygulanmasi
noktasinda agik kaynak kodlu bir yazilim olan Python yazilimi ve ilgili sinyal isleme
kiitliphaneleri kullanilmistir. Literatiir taramas1 ve arastirmalar esnasinda gézlemlenen
zengin sinyal isleme teknik gesitliligi ve exponansiyel biiyiimeye ithafen Python
yazilimi bilingli olarak tercih edilmistir.

Dordiincl kisim igerisinde (¢ ana sinyal isleme metodolojisi sunulmustur. Ik olarak
farkli boyutlarda olusturulan rulman arizalarimi tespit etmek icin spektral kurtosis ve
zarf analizi tabanli sinyal isleme metodolojisi kullanilmistir. Analizler sonucunda
rulman i¢ bilezik ariza frekansi1 ve harmonikleri zarf spektrumunda basariyla tespit
edilmistir. Hata genisligi arttirlldiginda spektrumlarda goriilen rulman i¢ bilezik hata

XXIV



frekans1 harmoniklerinin degisimleri incelenmis, baz1 harmoniklerin genliginin arttig1
tespit edilmistir.

Dérdiincii boliimiin ikinci kisminda ise tekil degerlere ayrigtirma ve empirik mod
ayristirma bazli rulman hata tespit metodolojisi onerilmistir. Ozellikle tekil degerlere
ayrigtirma sinyal isleme tekniginde kullanilan matris islemlerinden kaynakli gorece
yiiksek bilgisayar performansina gereksinim duyulmaktadir. Bu gorece yiiksek
bilgisayar performansindan tasarruf edebilmek adina hedef sinyaller tekrardan
orneklenerek veri sayist diisiirilmiistiir. Veri sayisinin diistirilmesi sonrasi sinyalde
bulunan giirtiltiiniin azaltilmas1 i¢in tekil degerlere ayristrma sinyal isleme
tekniginden faydalanilmistir. Sinyalde bulunan giiriiltii ayiklandiktan sonra empirik
mode ayristirma ile sinyal farkli bantlara ayrigtirilmiltir. Daha sonra ayristirilan bu
bantlar spektrum analizi vasitasiyla frekans alaninda incelenmistir. Gelistirilen metot,
dogrudan empirik mod ayristirma teknigi uygulanan, 6n sinyal isleme adimi olarak
giriiltii ayiklama uygulanmamis sinyal ile kiyaslanmistir. Elde edilen kiyaslamalar
sonucunda, gelistirilen hibrit metot ile rulmanin i¢ bilezik hata frekansi basari ile tespit
edilebiliyorken, dogrudan spektrum analizi veya sadece empirik mod ayristirma
tekniginin uygulanmasiyla rulman hata frekansi tespit edilememistir.

Anlik acisal hiz sinyallerinin dogrudan analizi ile rulman hata tespiti rulman ariza
frekanslarinin sinyal icerisinde ¢ok diisiik bir enerjiye sahip olmasindan dolay1 bir
hayli zorludur. Bu nedenle sinyal igerisinde baskin olan disli ve mil frekanslar1 gibi
kararli frekanslarin filtrelenmesi kritik 6nem arz etmektedir. Bu baglamda t¢unci
metotta sinyal igerisinde yer alan kararli elemanlarin filtrelenmesine odaklanilmistir.
Kararli frekanslarin filtrelenmesi sonrasi genlik ve zarf spektrumlarinda filtreleme
oncesi tespiti gii¢ olan hata frekansi ve harmonikleri kolaylik ile tespit edilebilmistir.
Ayrica hatanin dénen bir eleman {izerinde olmasi dolayisiyla hata frekansinin mil
dontis frekansi ile modiilasyonu sonucu hata frekansi1 etrafinda yan bantlar
gozlemlenmistir. Alian 6l¢timler sadece tek bir hiz da alinmamais olup belirli bir hiz
aralig1 taranmistir. Hiz etkisi incelendiginde ise farkli hizlarda tutarli sonuglar elde
edildigi goriilmiistiir. Buna ragmen, mil doniis hizinin artmasiyla giiriiltii miktar1 da
artt1g1 i¢in gorece diisiik hizlarda rulman i¢ bilezik ariza frekans1 daha kolay tespit
edilmistir.

Sonug olarak, bu tez kapsaminda elde edilen bulgular 1s18inda, rulmanlarin mevcut
durumlarinin izlenmesi ve arizalarinin tespiti hususunda enkoder bazli durum izleme
metodlarinin, geleneksel ivmedlger bazli titresim metodlara giiglii bir alternatif
olabilecegi gosterilmistir. Bunun yaninda, sinyallerden giiriiltii ayiklanmasi ile mevcut
metodlarin  rulman hata frekanst tespit kabiliyetlerinin 6nemli  6l¢iide
arttirilabildigi/artirilabilecegi gézlemlenmistir.
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1. INTRODUCTION

Machines are designed and manufactured to serve specific purposes within functional
requirements of systems during their designed life span. However, unexpected failures
can occur due to various reasons such as faulty design, the use of inferior material and
incorrect installations etc [1]. These unexpected failures can lead to serious
consequences including excessive financial losses in many engineering applications.
Therefore, industrial companies need to plan organized maintenance strategies for

optimum productivity. The most common one’s are shortly explained here.

As the term implies, ‘run to break’ means that machines operate until the failure of
some components or whole machine, no maintenance is carried out. It ensures
maximum operating period between shutdowns. For this type of maintenance, cheaper
and non-critical machines are well-suited as an example, sewing machines [2]. For
preventive-maintenance, activities are scheduled at regular intervals, which are set to
occur more frequently than the anticipated failure duration. Maintenance intervals are
provided by the supplier of the components according to design criteria. In some
instances, parts still might be in good condition although they reach the end of target
working period. With this strategy, to be on the safe side, maintenance periods are
relatively shorter hence it can lead to consuming excessive spare parts. Lastly, in
condition-based maintenance which is also called ‘predictive-maintenance’, the tasks
are performed based on the specific needs of the machine. The possible wears and
early signs of faults in a machine are anticipated by means of consistent condition-
monitoring, the replacements or repairs can be done when it is needed. Nevertheless,
to know a machine’s health status, it is necessary to have reliable condition monitoring
tools and techniques, and the ability to measure some parameters to assess the
machine’s health. The process of condition-monitoring involves sensors, signal
modifiers, data collection modules, systems and software algorithms for digital signal
processing [1]. There are various advantages of the condition-based monitoring over
the other techniques. For instance, in long term, it is economic because part repairs or

replacements can be planned based on stock status of components. Thus stocks of the



spare parts can be reduced. However, as expected condition-based maintenance has
higher initial investment cost in the beginning owing to additional instrumentations as
mentioned before. Nonetheless, it is increasingly acknowledged as the most effective
maintenance approach across numerous industries. Recent studies indicate a
significant growth in the global market value of condition-monitoring over the coming
years [2]. This expected increase is largely attributed to the widespread adoption of
Industry 4.0 and the development of innovative tools in manufacturing technologies.
Condition-based maintenance is anticipated to become an integral component of the
'smart-factory' concept.

Condition-based monitoring focuses on assessing the machine's current status with the
goal of forecasting its future state or condition during operation. Obviously, this
approach requires gathering sufficient information to assess the health condition of a
machine during operation. Two techniques, vibration and oil analyses are more

common to gather information about internal conditions of machines.

Some of the other techniques are thermography (temperature analysis), motor current
signature analysis, acoustic emission analysis are employed to acquire diagnostic data

as well [1].

Vibration analysis is the most preferred techniques due to advantages over other
techniques. For instance, in oil analysis method, there's usually a period of at least a
few days from the time the samples are gathered to when they are analyzed. On the
other hand, in vibration analysis it is possible to acquire the results relatively in short
time like couple of hours. Machines without any fault have their normal characteristic
vibration signatures under normal operating conditions. Every machine has a specific
frequency response characteristic, and this leads a machine to vibrate with certain
frequency characteristic. Any mechanical problem or fault in the components leads to
changes in vibration characteristics of the machine, more dominantly at characteristic
frequencies. With the help of this approach, incipient defects and their location can be
detected in machines before they become a critical issue. Different types of vibration
can be measured in the machines. One of the most common techniques is based on
measuring vibration from machine housing using acceleration transducers. In this
method, transducers are mounted on machine casing, preferably, positioned in
proximity to bearing that stabilizes the shaft in motion [1]. Measurements can be done

in three mutually perpendicular directions. Alternative form of vibration that provides



valuable diagnostic data is torsional vibration. This refers to angular vibration
happening along a component's rotational axis. Torsional vibration is characterized by
speed variations in different elements and the twisting of a shaft section during the
rotation of the machinery. Any mechanical problem or fault in machines causes
rotational speed fluctuation on the rotary components. Through the analysis of
mentioned fluctuations, the machine's health status and functional capacity can be
evaluated, monitored as well [3]. Such fluctuations can be detected using rotary
encoders. A rotary encoder's role is to produce a signal that depicts the correlation
between angular displacement and time [4]. When compared to vibration-signals,
encoder signals offer a number of benefits and can offer a promising solution for
condition-based monitoring of various applications [3]. However, encoder signals that
are recorded often include measurement noise and can be influenced by disparate

components and extraneous vibration sources.

1.1 Problem

Most of the industrial machines present various challenges, such as reducing
downtime, managing repairs, and maximizing operating times [5]. Failures or faults in
these machines can result in significant downtimes, leading to considerable economic
losses. Therefore, it is highly recommended that the conditions of machines should be
monitored, and condition-based maintenance strategies should be followed by
industrial companies. For rotating machinery, torsional vibration-based condition
monitoring of the systems using encoder signal is one of the attractive methods to
assess machine’s health parameters. However, the encoder signals that are recorded
are subject to a range of negative impacts, such as velocity inconsistencies in the
system caused by random variations in load and power supply, along with noise from
measurements attributed to the inherent noise in amplifier circuits and other similar
factors [6]. Low level signals suffer the most from noise sources as the information
signals are generally obscured by noise. Consequently, a primary obstacle in
condition-monitoring, is extraction of the diagnosis information buried in noisy
signals. Recently, numerous sophisticated techniques for vibration-based fault
diagnosis have been created. Yet, the performance of these techniques dramatically

decreases with significant ambient noise interference in measured signals.



If the noise levels exceed certain limits, fault detection techniques cannot provide
expected diagnosis information. Hence, there is a continuing demand for better and

more effective techniques to detect various faults in noise affected signals.

1.2 Literature Review

As mentioned earlier, condition-based monitoring and tracking of mechanical systems
are crucial for industrial companies, and torsional vibration-based methods are
relatively new and promising for the health assessment of mechanical components. In
this section, encoder-based fault detection methods and signal de-noising techniques
investigated in the existing literature. The main motivation here is that performing a
literature survey can yield ideas for possible future works and provide valuable
information to researchers who might continue the investigation into signal de-noising

and condition-based fault detection.

1.2.1 Encoder signal-based fault detection

Li et al. [4] conducted a review of methods used for measuring angular speed and
determined that several are not suitable for measuring Instantaneous Angular Speed
(IAS). They introduced two novel approaches utilizing analog-to-digital converter
boards and a purely software-based technique for accurate IAS measurement. They
emphasize that for an encoder's resolution to effectively capture diverse events linked
to a machine's operation and health, it must be notably high. Their research
demonstrates that enhancing the accuracy of IAS measurements can substantially

improve the effectiveness of 1AS based diagnostic methods.

Gu et al. [7] introduced an approach based on the Fast Fourier Transform (FFT) for
estimating instantaneous angular speed in noisy environments. Their research focused
on how different instantaneous angular speed measurement factors, like encoder's
precision and the extent of the signal sequence, influence the results. They discovered
that enhanced precision and a more extended signal sequence led to decreased noise
in IAS measurements, thereby improving the detection of small 1AS variations crucial
for early fault detection in condition monitoring. Subsequently, through experimental
validation, they showed the efficacy of 1AS in identifying issues like the misalignment

in adaptable connectors and anomalies in the rotor bar of electric motors. Furthermore,



they contrasted the IAS method with vibration techniques, finding that 1AS offers
greater acuity in diagnosis of minor faults in motor driven systems compared to

vibration analysis.

Renaudin et al. [8] proposed a methodology for bearing condition monitoring that
relies on IAS with angular sampling. The method was applied to an automotive
gearbox and the front wheel of a small industrial car using both optical and magnetic
encoders, with the optical encoders yielding a better quality signal. They examined
various types of wear, particularly on the outer and inner ring of bearings, under
different conditions such as variable speeds, loads, external forces, gear ratios, and so
forth. They employed Fourier transform as a post processing tool. The measurements
are revealed considerable differences in magnitudes that correspond to the extent of
the fault dimension. The presence of sideband effects was notably observed in cases
where the wear occurred on the rotating parts of the bearing, influenced by load

modulation.

Zhou et al. [9] introduced an approach for monitoring the condition of feed axis
gearboxes using integrated location transducers (encoders), which is based on
ensemble empirical mode decomposition. They demonstrated the efficacy of the
proposed method in handling nonlinear and nonstationary complex signals via

experimental study.

André et al. [5] introduced condition monitoring system for wind turbine using
instantaneous angular speed measurement via encoder. They were interested in
correcting the perturbations in IAS signals caused by torque and speed variations (non-
stationary behaviour). Because the torque and speed variations are the main source of
the noise in the spectral observation. To solve mentioned perturbation issue,
windowing technique were applied to signal, and encoder resolution reduction effect

investigated in order to enable the visibility of the low cyclic frequency phenomena.

Lie et al. [10] developed an advanced fault diagnostic method for the fault
indentification of a 6-cylinder engine using instantaneous angular speed signal. They
used various intelligent algorithm like support vector machine, independent
component analysis, EMD. The efficacy is shown using both simulation and

experimental data.



Spagnol and Bregant [11] studied on bearing fault detection using IAS signal. Order
analysis technique is employed as signal processing techbique. They succeeded to
detect bearing train defect using IAS.

Roy and Cherevu [12] applied envelope analysis to instantaneous angular speed signal
for fault identification. In experimental validation, a gearbox is used. Tests are
conducted under varying speeds and loads. One of the important outcomes of this study
is that load is an important factor in fault detection, and it requires certain amount of
load applied to the system under test. However, it should not be excessive otherwise,
it can act as a damper.

Li and Zhang [13] proposed an alternative method for estimating instantaneous angular
speed, termed instantaneous angular phase demodulation. They addressed the
drawbacks of conventional methods to extended signal sequences, noise from signal
digitization, and inherent system noise. They introduced a fault detection procedure
based on developed method. Subsequently, they tested this procedure on gearbox
under various operational conditions to empirically validate the precision and efficacy
of this new instantaneous angular speed measurement and fault detection procedure.
Their findings revealed that noise from signal digitization could be notably reduced,

even eliminated with their proposed method.

Miao et al. [14] developed an adaptive filtering technique named improved maximum
correlated kurtosis deconvolution method to remove noise from encoder signals. To
prove effectiveness of the proposed method, experimental study is conducted with a
representative wind turbine test rig. Three different cases are investigated through
planet gears. Measurement datas are acquired from various faulty gears such as root
cracked root, corrosion and wear. Performance of the improved technique is compared
with comb filtering and latest available deconvolution methods like multipoint optimal
minimum entropy deconvolution. It is concluded that their method has superior

performance.

Bourdon et al. [15] introduced a signal processing technique designed for diagnosing
and assessing the extent of damage in the outer race of taper roller bearings. This
approach primarily utilizes a filter operating within the angular domain. They
demonstrated that the impact of a defective bearing on rotational speed can be

identified through straightforward spectral analysis of instantaneous angular speed,



provided the signal is sampled over a substantial number of points in the angular
domain. To evaluate the effectiveness of this newly designed tool, physical tests were
conducted on various outer race defects and measurements. In addition, the proposed
tool is applied to both stationary and non-stationary signals and the same results are
obtained. Further investigation is suggested for inner bearing defect as an extension of
this study since modulation effect should be taken into account due to rotation of the
shaft.

1.2.2 Signal de-noising methods

Sanliturk and Cakar [16] introduced an innovative approach utilizing singular value
decompositions to remove noise from acquired frequency response functions, thereby
enhancing quality of collected datas. Their method can be applied both frequency
response functions and impulse response functions. However, they indicated that
impulse response functions show better performance. Developed approach is tested on
both numerical and experimental signal and findings are compared. They emphasized
the importance of setting an effective rank value to avoid the loss of valuable

information.

Wang et al. [17] compared signal de-noising techniques based on wavelet shrinkage
threshold, general matching pursuit, and genetic matching pursuit. They tested the
methods with both stationary and non-stationary engine noise signals. The methods
based on general matching pursuit and genetic matching pursuit were found to be more
effective in retaining the high-frequency components while suppressing the low-
frequency components of the signals. Furthermore, it was noted that the genetic
matching pursuit method could significantly reduce computation time compared to the

general matching pursuit method.

Zhao and Ye [18] conducted a comparative analysis of two prevalent signal noise
elimination techniques: singular value decomposition and Wavelet transform. While
these methods are founded on distinct theoretical bases, they exhibit notably similar
signal processing characteristics, especially when the Hankel matrix is employed in
singular value decomposition. This similarity is examined in terms of vector space
properties and the nature of the Hankel matrix. They applied both methods for

simulations and obtained similar results.



A notable distinction, however, is the absence of phase shift in the singular value
decomposition signal, unlike the phase lag observed in wavelet decomposition. This
difference is highlighted as a key advantage of singular value decomposition over

wavelet decomposition.

Abouel-seoud and Elmosry [19] introduced a technique utilizing wavelet transform
analysis for diagnosing faults in wind turbines. They evaluated two methods based on
wavelet analysis: one using wavelet filtering for noise reduction and the other
employing wavelet decomposition for signal smoothing. Their findings suggest that
wavelet filtering is more effective for detecting subtle signatures, while wavelet
decomposition is better suited for refining smooth signals. Additionally, they
developed wavelet-based metrics, including spectrum comparison, spectral kurtosis,
and crest factor. These chosen metrics were assessed using artificial defects in gearbox
elements, like cracks in planet gear teeth, cracks in the planet carrier, and inner ring
cracks in the main bearing. Signals are acquired using torsional vibration monitoring
on a planetary gearbox. They identified impulses hidden in noisy signal by wavelet
filtering. Their results indicated that Root Mean Square (RMS) value analysis is very

promising and good indicator for early fault characterization and detection.

Roy et al. [20] developed a fault diagnosis method utilizing instantaneous angular
speed for gearboxes. In their approach, instantaneous angular speed estimation is
carried out in the frequency domain. After instantaneous angular speed estimation,
time synchronous averaging is implemented on signal to extract periodic part and de-
noise the signal. Subsequently, a Fast-Fourier transform is used on the time averaged
signal to identify gearbox anomalies. Time synchronous averaging enhances the gear
meshing frequency and it’s sidebands, facilitating easier fault detection. Experimental
studies are carried out on four speed gearboxes at different load and speed conditions.
These studies found that detecting faults is particularly challenging in a no-load
condition, as applying force to the system is necessary. However, the force applied

should be moderated to avoid significantly diminishing the gear backlash.

Zhao and Lin [21] proposed an encoder signal-based condition monitoring system for
planet gearbox. In the first step, they converted to unprocessed encoder data into a
sequence of instantaneous angular accelerations using spectral quadratic weighting.
Subsequently, they employed comb filtering (synchronous averaging) to eliminate

interference caused by variations in drive and load. Following these steps, they



developed an adaptive noise reduction technique using the Gini coefficient to enhance
subtle impulsive signals indicative of defects. In this noise reduction approach, the
filter's bandwidth is optimized by maximizing the coefficient value of the signal, rather
than relying on a fixed bandwidth. Finally, they implemented the proposed method to
simulated and experimental signals in order to detect different kinds of gear defects
such as surface spall, tooth crack, debris invasion. They noted that proposed technique

provides non-invasive and economical solution for assessing health of rotary devices.

Golafshan and Sanliturk [22] utilized singular value decomposition for signal noise
reduction. Hankel matrix is preferred as data matrix. They revealed that noise
reduction in the frequency space outperforms that in the time space for identifying
faults. It is showed that efficacy of the procedure highly dependent set limit for rank
selection. They recommended systematic identification of limit based on kurtosis
value of the cleaned signal. Proposed procedure is applied to ball bearings and different

type of bearing faults are successfully detected.

Zhao and Jia [23] introduced a signal noise reduction technique based on singular
value decomposition, aimed at enhancing faint signal characteristics. In their
approach, they used the information-based model contrary to traditional energy-based
methods which ignore slight features led by initial defects. They used the periodic
modulation intensity as information index to asses informative part of the signal. The
method was applied to both simulated and real data concerning two-stage gearbox
bearings, proving its capability in extracting faint fault characteristics even amidst

substantial noise.

Zhang et al. [24] developed a fault diagnosis method that combines Singular Value
Decomposition (SVD) with a radial basis function neural network. They collected
experimental data representing fault-free gear and gears with cracks, missing tooth and
wear through a specially designed experimental setup. The collected signals were de-
noised by SVD, and the energy amount for each frequency range was determined.
Subsequently, these calculated values were used as input for the radial basis function
neural network training. It is specified that radial basis function neural network is

highly efficient and successful for the fault type classification.

Li et al. [25] introduced a novel approach for detecting and diagnosing gear faults

through instantaneous angular speed. Their method integrates empirical mode



decomposition with autocorrelation local spectrum for extracting features from a two-
stage gearbox. Initially, the signal is reconstructed to address the oversampling
problem resulting from the high precision of the angular transducer and the testing
speed. Subsequently, the empirical mode decomposition operation is implemented on
the signal to derive effective intrinsic mode functions (IMFs). Following this, a cosine
similarity index is employed to identify the most responsive IMFs, noting that some
may be irrelevant or even misleading. Finally, autocorrelation local spectrum is
utilized for noise reduction and feature derivation. Performance of the proposed
procedure is validated experimentally with the two different test rigs which were
working on different conditions. It is concluded that proposed method is highly
effective for gear fault diagnosis.

Xu and Zhao [3] proposed singular spectrum analysis-based method for identifying
position variations through linear encoder. This method was employed to isolate faint
position changes from the signal. Furthermore, they compared this approach with the
Empirical Mode Decomposition (EMD) method. Their findings showed that singular
spectrum analysis surpasses EMD in both effectiveness and precision. They tested
their approach on the position variability of the slide table in a CNC machine tool,
where movement discrepancies were primarily due to the ball screw. Subsequently,
they transformed the position signal into a speed signal (1AS) and analyzed it alongside
the position variation at different operational speeds. They observed that speed
variations were significantly different at various speeds, whereas the position changes
remained uniform. They concluded that their proposed method offers a more
straightforward physical interpretation compared to fluctuations analyzed through

speed.

Yin et al. [26] introduced a noise reduction technique that combines Akaike
information criteria and singular value decomposition. For this method, Hankel matrix
is selected as trajectory matrix of the signal and its size determined according to the
maximum energy of the singular values. In proposed method, Akaike information

critearia is employed to determine the number of effective singular values.

To demonstrate the method's efficacy, it is compared with wavelet threshold de-
noising and empirical mode decomposition enhanced with a Savitky-Golay filter.
Additionally, they introduced a ‘comprehensive evaluation index' to quantify noise

reduction performance. This index includes signal-to-noise ratio, root mean square
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error, and waveform correlation index. The procedure was applied to micro vibration
signals in reaction wheels for extracting weak harmonic parameters during the pre-

processing stage.

Miao et al. [27] proposed a signal de-noising method combining an improved median
filter with a wavelet packet approach. The improved median filter is utilized to remove
impulse noise from the signal, while wavelet threshold de-noising is employed to
eliminate white noise. It was found that the median filter alone is insufficient for
complete noise elimination, as it cannot filter out white noise due to the characteristics
of the median filter. The efficacy of the developed procedure is confirmed through a

combination of simulation and empirical studies.

Miao and Zhao [28] developed a wavelet noise reduction technique that leverages the
cyclostationary nature of vibration signals in rotating machinery. This method focuses
on retaining stationary and cyclostationary elements while diminishing the impact of
random nonstationary components. Unlike conventional approaches, which use
multiple data packets as inputs but yield a singular output packet, suggesting some loss
of information, this method employs multiple data packets to construct a wavelet
transform-based filter for noise elimination. They conducted a comparative analysis
between their method and traditional wavelet-based noise reduction techniques. They
tested effectiveness of both methods, using a numerical and experimental rubbing fault
signal. They showed that their method has better noise elimination performance than

the conventional one at all frequency bands.

1.3 Objective and Scope of the Thesis

This thesis primarily aims to develop methodologies based on encoder signals for
condition monitoring of bearings. Special focus is placed on the enhancement and de-
noising aspects of the measured signals to increase the fault detection performances of
the methods studied. The selected methods are experimentally validated using artificial

faults, and the efficacy of the developed methods is demonstrated.
The scope of this thesis is outlined as follows:

In the first chapter, an introduction to bearing condition monitoring is presented.

Following the introduction, the problem is defined and the literature is reviewed in

11



order to have a comprehensive insight into the encoder signal-based fault detection
and signal de-noising methods.

In the second chapter, instantaneous angular speed and measurement mechanism are
described. After that, bearing fault frequencies are presented. Later, some of the

common signal processing and de-noising methods are introduced.

The third chapter focuses on the experimental part of the thesis, where the test bench

and measurement campaign are described.

In the fourth chapter, the developed signal processing methods are presented and their
capability to detect bearing inner ring faults is examined.

The last chapter summarises the main findings and the conclusions of the thesis as well
as the suggestions for future work regarding the encoder based roller bearing fault
detection and how to further developed the methods presented in this study are given.
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2. THEORY

2.1 Introduction

In rotating systems, rolling element bearings play a critical role yet they are vulnerable
to unforeseen failures, and they are often the cause of machine breakdowns.
Traditional methods operate on the premise that bearing defects manifest as variations
in load over time [8, 29]. These variations are associated with impacts that when the
rollers traverse the defect area, leading to the stimulation of structural resonances or
shifts in shaft positions, detectable as vibrations [30]. One of the classical methods to
measure vibration is the use of acceleration transducers. However, this method is
sensitive to the transmission line between the source of excitation and the transducer.
As a result, its effectiveness may be compromised in situations where vibration
damping by the housing is significant. [31]. Recently, an alternative approach to
bearing condition monitoring, based on torsional vibration monitoring, has been
receiving particular attention from researchers. This approach offers notable
advantages over conventional accelerometer-based vibration monitoring. Encoder
signals, in particular, demonstrate a superior signal to noise ratio compared to
accelerometers owing to their closer placement to rotating elements whereas
accelerometers suffer from long and complicated transfer path [3]. Besides, most
common accelerometers are only able to reveal vibrations above the lower cut off
frequency. This makes accelerometers ineffective for very low speed machine fault
detection like wind turbine bearings [3]. On the other hand, encoders are effective in
responding to low frequencies and may be utilized across a range of operating speeds.
Lastly, encoders are frequently integrated as built-in sensors in systems, thereby

offering inherent benefits for comprehensive condition monitoring.
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2.2 Instantaneous Angular Speed

2.2.1 Operating mechanism of an incremental rotary encoder

Incremental encoder is a type of transducer that measures speed by transforming
angular movement into an electrical output [20]. An optical encoder typically consists
of a rotating disc as shown in Figure 2.1 which is installed on the shaft and features
evenly distributed gaps. Each set of these gaps alternates between transparent and
light-obstructing sections. The rotation of the encoder’s disc causes these gaps to
intermittently obstruct and allow light to pass to the photodetector, creating a sequence
of electrical pulses.

45° a0 ° 135°

L L L
ov

Figure 2.1 : Optical encoder [32]

The resolution of an encoder, which is measured in the amout of pulses per revolution
(PPR). It changes acording to amount of transparent and light-obstructing sections on

the encoder's disk.

The angular displacement 46 for each equally spaced gap in the disc of the encoder

can be written as

_360°

40
N

(2.1)

where N represents amount of gap. If it takes At time to cover 40 angle, as a result of

it angular speed (w) for single pulse may be calculated:

A0
W=7 (2.2)
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2.2.2 Measurement of instantaneous angular speed

Measuring angular velocity is a fundamental task in the surveillance of rotating
machinery. A variety of techniques for angular speed measurement have been
established. Typically, these techniques fall into two categories: those based on timer-
counter mechanisms and those utilizing Analog to Digital Converters (ADC) [4]. The
timer-counter-based methods measure the duration between two successive impulses

or count the impulses received during sampling interval.

In this study, counter-based method is employed. As a counter, IMC CRONOSflex
HRENC-4 module is used. The angular speed calculation method is based on the
combination of timing and counting of the impulses. The methodology for calculating
angular speed relies on a blend of timing and counting of the impulses. In this method,
it is not the time between two pulses that follow one another that is measured, but
instead, the time (t) between the first and the last pulse within a sample interval (T) is
measured. Angular speed is determined together, with the number of pulses (p) within
this sampling interval [5]. The described IAS measurement mechanism is illustrated

in Figure 2.2.

A
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Figure 2.2 : |AS measurement
2.3 Bearing Fault Frequencies

In roller element bearings, an impact occurs when the rolling elements encounter a
localized defect on the outer or inner ring, or when a defect on the rolling element itself
makes contact with either ring. This impact can trigger high-frequency modes within
the structure [2]. These impacts modulate the resonance vibrations and repetition

frequencies of the modulations are associated with bearing frequencies such as
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Fundamental Train Frequency (FTF), Ball Pass Frequency Outer and Inner race
(BPFO, BPFI) and Ball Spin Frequency (BSF), that are formulized as follows [2]:

Fundamental train frequency (cage speed): FTF = ];—T {1 — %cos a} (2.3)
Ball pass frequency, outer race: BPFO = "TfT {1 — %cos a} (2.4)
Ball pass frequency, inner race: BPFI = anr {1 + %cos a} (2.5)
Ball (roller) spin frequency: BSF = %) {1 - (%cos a)z} (2.6)

Here, £, represents the rotational speed of the shaft, « is the contact angle between the
cage and the ball, n denotes the number of rolling elements, D is the pitch diameter,
and d is the diameter of the ball. It should be noted that the frequency of a ball defect
is, by its nature, two times of the ball spin frequency since the ball defect impacts both
the inner and outer rings in one cycle. Consequently, harmonics of the ball spin

frequency are typically prominent in spectrums.

a

Fault frequency

‘(—)

Local fault ||

Time

Figure 2.3 : Bearing geometry and impact signal [34].

Frequently, the impact signals corresponding to the defect frequencies influenced by
the bearing’s higher frequencies. This process generates a periodic signal, similar to

an exponentially fading oscillation at the defect frequencies, as shown in Figure 2.3

[34].
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2.4 Envelope Analysis

As stated earlier, local faults in roller bearings generates consecutive impacts that can
excite some modes of the system. These periodic impacts are modulating the resulting
resonance vibrations of the system. As a result of the modulation process, more
complex signal arises, and envelope analysis aims to extract the modulating signal
from an amplitude-modulated signal. How diagnostic information is obtained using
this method is demonstrated below. Figure 2.4 illustrates a typical unprocessed signal

and its associated envelope signal.

OUTER RACE INNER RACE

Envelope signal

Figure 2.4 : Typical unprocessed and envelope signals originating from localized
defects in element bearings [2].

Envelope analysis is one of the powerful and well-established techniques for bearing
diagnostic. It enables the demodulation of the signal by separating the fault (envelope)

signal from the carrier (resonant) signal through filtering [35]. There are alternative
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ways to generate envelope signal. In traditional method, analogue band pass filter plus

a rectifier and smoothing circuit are used to perform demodulation [36].

Another popular method in recent years is the use of Hilbert transformation to get the
envelope of the time space signal. It produces the envelope by computing the
magnitude of the time space function [36].

2.4.1 Hilbert transform

Hilbert transform is also referred to as 90° phase shifter [34] for time domain signals.
It results in a signal that is perpendicular in phase to the original input signal, meaning
the two signals are positioned at 90 ° to each other in the time-frequency domain [37].
Hilbert transform can be applied to modulated signal to obtain the so-called analytical
signal [38]. Analytical signal, in time domain can be represented as follows:

Alx(@®)] = x(t) + iH[x()] = a(t)e'*® 2.7)
a(t) = \/x2 + H2[x(t)] (2.8)
H[x(¢)]

¢(t) = arctan

x(0) (2.9)

where A[x(t)] represents the analytical signal, in which the real part x(t) is the
original, measured, amplitude modulated time domain signal, H[x(t)] represents the
Hilbert transformation of x(t) and it forms the imaginary part of the analytical signal.
¢ (t) notates instantaneous phase and a(t) notates instantaneous amplitude called

envelope signal.

2.5 Spectral Kurtosis and the Kurtogram

2.5.1 Kurtosis

Kurtosis is a statistical measure that defines the shape of a signal's distribution in
comparison to a Gaussian (normal) distribution, as illustrated in Figure 2.5. Bearings
in healthy status exhibit a Gaussian or close to Gaussian distribution, while defected
bearings show a non-Gaussian distribution characterized by prominent tails. These
tails result from impulses in the signal caused by local defects. As a common metric

for assessing the sharpness of a signal's peak, kurtosis effectively indicates signal
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impulsiveness, making it a valuable tool for detecting faults in bearings [39]. The

definition of kurtosis is as follows:

- E{(x—uh)}
Kurtosis: (x) = —— 3 (2.10)
here o and u notate the standard deviation and mean of the time series x, whilst E{-}
is the expectation operator. A standard Gaussian distribution has kurtosis of 3 and is
recognized as mesokurtic. Hence, the “minus 3” is appended to the equation's end,
ensuring that the kurtosis of a Gaussian distribution equals zero [39].
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Gaussian distribution
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Figure 2.5 : Depending on the signal’s distribution, kurtosis values: zero, positive, or
negative [40].

2.5.2 Spectral kurtosis

Basically, as mentioned above, kurtosis is a statistical metrics of the signal which takes
highest value in impulsive signals and enables to diagnose bearing faults since faults
in rolling elements generate series of impulses when the rolling elements strike on the
faulty components. However, vibrations signals are often corrupted by the strong
background noises [41]. Therefore, kurtosis is generally not considered as an
appropriate global indicator. This makes it necessary to apply kurtosis locally for
different frequency bands. Spectral kurtosis concept has been developed to overcome
this problem. Spectral Kurtosis (SK) serves as a statistical tool for identifying
frequency bands that exhibit impulsive signals [2]. It is particularly useful in
pinpointing frequency bands that are predominantly affected by bearing faults [42].
The concept of Spectral Kurtosis was initially introduced in the 1980s for the purpose
of identifying impulsive events within sonar signals [2]. Nevertheless, it has not been
used effectively for the bearing faults until the Antoni’s studies on the definition and
calculations [2]. The concept of Spectral Kurtosis (SK) was originally formulated by

Dwyer [42] for stationary signals as the normalized fourth-order moment of the real
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part of the short time Fourier transform. Alternatively, Antoni redefined SK using the
Wold-Cramer decomposition, making it applicable to both stationary and
nonstationary signals.

Here Y (t) output of a causal, linear and time varying system, the Wold-Cramer’s

decomposition in frequency domain is [39] defined as follows:

ma=£ eI H (¢, £)dX (f) (2.11)

where dX(f) is the spectral process associated with X (t) and H(t, f) notates time
varying transfer function [43]. It can also be interpreted as complex envelope of
vibration signal Y (t) computed by the short time Fourier transform at frequency f and
may be defined as follows:

H@ﬂ=j L)y (T — D)l 2t dt (2.12)

where y(7) is a time window function with tiny width.

The normalized fourth-order spectral moment of Y (¢) may be specified as:

Cay (f) = Say(f) =S (f); f #0 (2.13)

where S(f) is instantaneous moment of the spectrum, that is used to determine the

complex energy and is defined as:

Sany (f) = E{IH(t, )X (H)|*"}/df (2.14)

Antoni [43] advanced the most detailed formulation of Spectral Kurtosis (SK),
defining it as the energy balanced fourth order spectral cumulant, indicative of the apex
of the probability density function. The SK for an unblemished fault vibration signal
Y (t) is characterized as follows:

Car(f) _ Sar(f)

2 - 2
SZY SZY

Ky(f) = —2f#0 (2.15)

As mentioned before, vibration signals often include noise with an unpredictable
signal-to-noise ratio. This ratio is defined as the proportion of signal power to noise

power and is utilized to gauge the level of ambient noise [39]. This kind of noise
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significantly alters the vibration waveform of the signals, obscuring the informative

components of the fault signal.

The relationship among the noise S, (f), power spectral density of the fault signal
Sy (f) and SNR (SNR is also expressed as 1/p(f)), can be expressed as:

Su(f)
p(f) = Sy(/f) (2.16)
The SK, K, (f) of the noisy fault vibration signal Z(t) is defined as:
KD
K,(f) = YO (2.17)

From the equation above, it may be deduced that the value of the K,(f) is close to
Ky (f) at frequencies with low p value, where the signal involves diagnostic assets.
Hence this interpretation of the equation makes it very special and usable for the
optimum band-pass filter design. Another point should be noted that SK calculation
results depend on the parameters selected for the STFT. For achieving the maximum
kurtosis value, the window length should be set shorter than the interval between
individual pulses, yet longer than the duration of each pulse [2]. The described concept

is depicted in Figure 2.6.

X#) Xw) X()
X(m)  X(w) [ X(®m)  Xm)

I |

(a)

Short Time Fourier
Transformation

STFT

()

Kurtosis

Figure 2.6 : Calculation of SK for a simulated bearing fault signal (a) Time signal,
showing moving time windows. (b) Amplitude of STFT. (c) Spectral kurtosis vs
frequency [42]
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2.5.3 Kurtogram

SK is very useful tool in signal processing, but it is highly dependent to parameter
selection. As discussed in the preceding section, the window length (N,,), and
consequently the frequency resolution, has a significant impact on the STFT-based
SK. Therefore, it is crucial to choose the window length optimally in practical
applications. This leads to the pertinent question of how to determine the most suitable

frequency resolution (bandwidth) (4f) for the SK of an arbitrary signal at a specific
frequency (f).

Antoni and Randall [44] developed the concept of the kurtogram as a respond to their
own question (They preferred to use of frequency resolution instead of bandwidth).
The kurtogram, a type of diagram, visually represents the SK values by mapping them
in relation to both frequency and frequency resolution. Antoni and Randall [41]
proposed the application of a kurtogram for the creation of a band-pass filter, with the
objective of maintaining the frequency range that predominantly features the
impulsive signals from bearing faults. It means that the optimal frequency and
frequency resolution which maximize the SK provides the optimal parameters for the
band-pass filter design. Nonetheless, fully investigating the entire spectrum of
frequency (f) and frequency resolution (4f) to determine the exact center frequency
and bandwidth is a challenging undertaking, making it less feasible for practical, on
the spot industrial use [44]. Therefore, a fast algorithm which is named as ‘fast
kurtogram’ was developed by Antoni [44] for the computing of the kurtogram. In this
method, consecutive digital filters are used rather than the STFT. Figure 2.7 compares

the kurtogram and fast kurtogram of a loose parts monitoring in a nuclear plant [44].
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Figure 2.7 : Comparison of (a) the fast kurtogram with (b) the full kurtogram for an
impulsive signal from loose parts monitoring [44]

In this particular instance, it is evident that the same selection of center frequency and
bandwidth would be used for designing a band-pass filter. The diagram distinctly
highlights significant nonstationary activity around the carrier frequency of f = 6750
Hz. The frequencies that maximize the kurtosis in this context are the central frequency
of 6750 Hz and a frequency resolution of 1500 Hz. These precisely match the
frequency band ranging between 6600 and 6900 Hz.
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2.6 Signal De-noising and Enhancement

Signal de-noising is a critical aspect of signal processing, aimed at enhancing the
quality and reliability of signals by mitigating the influence of unwanted noise. In the
context of bearing fault diagnosis and condition monitoring, where signals may be
contaminated by various sources of interference, de-noising techniques become
indispensable. Within this section, two promising signal cleaning and enhancement
method: singular value decomposition and empirical mode decomposition have been

introduced.

2.6.1 Singular value decomposition (SVD)

SVD is a computational technique that asserts a matrix [A] can be broken down into

the multiplication of three distinct matrices:

where [U] is an orthogonal matrix, [S] is a diagonal matrix, and [V]7 is the transpose

of an orthogonal matrix [V].

Here UTU and VTV = I. The matrix S, a diagonal matrix, contains the square roots of
the eigenvalues derived from AT A, that can be specified as S = diag(oy, 04, ..., 0g),
where R is the rank of matrix [A] and R = min(m,n). The terms o; (for i =

1,2, ..., L) are named the singular values of the matrix [A].

o, 0 0 0 0
0 o, .. 0 0
o 0 .. o .. O
[STian = " (2.19)
0 O On
-0 0 .. 0 .. O

The SVD method is frequently applied in the context of noise elimination, It takes into
account a noisy signal vector, denoted as {x} = {x,, x1, x5, ..., xy_1} T comprising N
individual samples. This approach is based on the premise that the noise present is

additive in nature and exhibits a degree of correlation with the original signal, that is:

{x} = {x} + {ns} (2.20)
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where {x} notates the signal component and the {ns} notatest the noise. Hankel matrix

of dimensions MxN may be created through signal vector {x} as [22]

Xo X1 Xm-1
X1 Xy .. Xy
[A] = “es “es “es s (2.21)
xL_l aes aes xN_1

where M+ L =N+1 and L > M. The signal component within the noisy signal
vector is deduced according to the Eckart-Young theorem.

Eckart and Young [45] introduced a method for determining the optimal lower-rank
approximation of a given matrix. This method serves as a technique for data reduction,
thereby rendering SVD an effective tool for the de-noising of vibration signals. The
theorem posits that there is an mxn matrix [A] with a rank » < R, which minimizes
the sum of squared differences between the elements of the original matrix [A] and

the corresponding elements in the matrix [A]. This concept is formulated as

[A] = [Ur] [Sr] [Ur]T (222)

here [A] represents the reconstructed matrix using only the largest number of singular

values. Remains are replaced by zero, where ¢ is threshold.

o, >¢i=1,..r

o, <ei=r+1,.,r (2.23)

2.6.2 Empirical mode decomposition (EMD)

Encoder signals obtained from machinery comprise diverse frequency components
resulting from the machine's constituent parts and imbalances within the rotating
system. The Empirical Mode Decomposition (EMD) method, which is both
thoroughly established and extensively used, facilitates the breakdown of these signals
into distinct frequency bands. In this process, EMD breaks down complex signals into
Intrinsic Mode Functions (IMFs), which are simpler oscillatory modes that represent
natural oscillation frequencies within the signal. This method is particularly effective
in analyzing nonlinear and nonstationary signals for fault detection in the field of
rotating machinery. According to the EMD criteria, each IMF must independently
fulfill the following condition [46]:
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1) Inthe whole data set, the number of extremes and the number of zero crossings

must either be equal, or only a difference of one is allowed.

2) At any point, the mean value of the envelope defined by the local maxima and

the envelope defined by the local minima must be equal to zero.

Any raw signal x(t) can be decomposed into intrinsic mode functions using EMD
algorithm as follows:

1) Identify all the local extremities (both maxima and minima) of the signal and
interpolate these points separately using cubic spline lines to create upper and
lower envelopes.

2) Compute the mean of upper and lower envelope values, labelling this as
m,(t). The difference between x(t) and m,(t) yields the firts component

h,(t), i.e.
hi (@) = x(t) —my(t) (2.24)

Replace the x(t) by h,(t), check whether h, (t), meets the IMF requirements and
repeat first two steps until h,(t) becomes an IMF. Therefore, c,(t) = h,(t) is
defined as the first IMF.

3) Unless hy(t) is an IMF, it is acted as the input signal and the first two steps

are repeated. Then,
hi1(8) = hy(6) — myy(6) (2.25)

in this process, m,, represents the average of the upper and lower envelopes of
h,. This procedure can be iteratively performed up to k iterations, untill h;

qualifies an IMF, that is
hix () = hyge-1)(t) — mq (t) (2.26)

After each shifting processing, it must be checked whether the number of zero
crossing equal the number of extreme. If calculated h,; (t) meets the defined

conditions, it is regarded as the first IMF as stated below.
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IMF,(t) = hy,(t) (2.27)

The itinal few IMFs correspond to high-frequency events, whereas the latter

ones are associated with the low-frequency elements of the signals [46].

4) Subtract IMF, from the original signal x(t)

r(t) = x(t) — IMF,(t) (2.28)

Here, r; is termed the first residue, encapsulating information about components with
longer periods. Subsequently, r; is treated as the initial data set, and the sifting process
previously prescribed is repeated. This iterative process is capable of being executed
n times, enabling the generation of n distinct IMFs components. The outcome of this
process is as follows:

ri(t) — IMF,(t) = r,(t)

r,(t) = IMF5(t) = 73(t) (2.29)

7"n—l(t) - IMFn(t) = rn(t)
The shifting process persists until it meets the termination criteria for the signal's
decomposition. This occurs when the final residual signal, 7, (t), transforms into a
monotonic function, beyond any further IMFs can be derived. Alternatively, this
endpoint is reached when either the component IME,(t) or the residue 7,(t)

diminishes to a magnitude deemed negligible.

Finally, the original signal x(t) may be interpreted as a linear superposition of IMFs

with a residue 7;,(t) based on the EMD algorithm.

x(t) = ZIMFL-@ + 7 (0) (2.30)

Here, the IMFs (IMF1, IMF2, IMF3, ..., IMFn) represent various frequency bands listed

from high to low. The flow described above is also visualized in Figure 2.8.
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Figure 2.8 : The flowchart of EMD [37]
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3. EXPERIMENTAL STUDY

3.1 Description of Test Bench

In this thesis, Bosch’s gasoline high-pressure pump endurance run test machine is used for
measurements. This machine has been employed for product validation purposes, accurately
simulating the working conditions of a pump. The test bench's mechanical system consists
of several components: an electric motor (used for drive), a low-pressure fuel supply pump,
couplings, a flywheel, a bearing support unit, a camshaft box, a high-pressure pump, and an
encoder. Figure 3.1 and Figure 3.2 provide a schematic presentation and a front view of the
test bench, respectively. Alongside the mechanical system, there is also a hydraulic part,
which includes the fuel system, oil supply system, and heaters. Consequently, the test bench
represents a complex system, encompassing real-world challenges such as measurement

noise.

o9 9L 49 L9
g=i=
| AN

Item Component
? 1 Electric motor

Coupling

Support unit

Coupling

Flywheel

Camshaft box

Adapter plate
Pump

e e e e Y > o

Coupling

—
=

Encoder

Figure 3.1 : Schematic presentation of the test bench

The high-pressure pump is driven by an electrical motor that provides the torque. An optical
encoder, which measures the rotational speed, is located at the other end of the shaft, close
to the faulty bearing. The system is loaded through the operation of the high-pressure pump,

and there is no additional external load source in the system.
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Figure 3.2 : Front view of the test bench

For bearing fault detection purposes, a camshaft box cylindrical roller bearing is used.
Additionally, there are also bearings in the support unit and electrical motor. However, these
are not within the scope of this investigation. The main bearing characteristic frequencies

are given in Table 3.1.

Table 3.1 : Main characteristic frequencies.

The rotating order 1
The inner ring fault characteristic order ~ 7.75
The rotating frequency (Hz) 7.5

The inner ring fault characteristic

frequency (Hz) (BPFI) 58.13

For the ease of processing the defective bearing, a NJ205 type bearing featuring a detachable
inner ring was selected as the test bearing. The Ball Pass Frequency Inner race (BPFI)
characteristic frequency of this bearing is provided in Table 3.1 at 450 rpm. Grooves, each
measuring 10 mm in length, 0.25 mm in depth, and having widths of 1 and 2 mm, were
created on the inner ring through a milling process. The configuration of the fault is depicted

in Figure 3.3.
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(a)

(b)

Figure 3.3 : (a) Camshaft, (b) Artificial fault, created on bearing inner ring

For simplicity, the length of the faults is set large enough to cover the roller ring contact
zone. It is important to note that, in reality, spalls do not typically have this length, especially

in the initial stages [47].

3.2 Measurement Campaign

In this experiment, three distinct measurements were conducted. M1 represents the baseline
measurement with the bearing in a fault-free state, while M2 and M3 correspond to faulty
measurements, characterized by fault widths of 1 mm and 2 mm, respectively. Alongside
these, measurement parameters were specifically focused on sweeping the camshaft speed
under a maximum pump outlet pressure of 35MPa, ranging from 300 rpm to 3625 rpm with

50 rpm increments. An example of the measurements can be seen in Figure 3.4.
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Figure 3.4 : Example measurement

The encoder, which has a resolution of 1000 PPR, transmitted its signal to a computer via a
data acquisition system. This signal was sampled at a frequency of 50 kHz. To ensure the
encoder’s resolution and the accuracy of the rotational speed measurement, the minimum
sampling frequency of the encoder's square signal was set to relatively high value. The

appropriate sampling frequency is calculated using the following equation [7]:
F = 4x[Rfshaft + (Omaxfshaft + RAf)] (3.1)

where R is the encoder resolution, f;p,qf, Notates shaft rotating frequency, O, is the highest

order of interest, Af is the IAS estimated speed variation.
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4. SIGNAL PROCESSING AND RESULTS

In the present chapter, some of the main signal processing and bearing fault detection
techniques have been investigated. Additionally, a synthesis of these techniques has been
pursued to formulate effective methods. In the initial sub-chapter, well-established
techniques, namely spectral kurtosis, and an envelope analysis-based methodology, were
thoroughly examined. The subsequent sub-chapter introduces the development of a hybrid
method integrating singular value decomposition and empirical mode decomposition (EMD)
for the purpose of bearing fault detection.

4.1 Spectral Kurtosis and Envelope Analysis Based Method

As stated earlier, local faults in roller bearings produce a series of impacts which excite the
resonance of the system. These periodic impacts are modulated by the resonance frequency
of the system. As a result of the modulation process, a more complex signal arises, and it
should be demodulated to obtain diagnostic information. Envelope analysis is one of the
strong and relatively well-established techniques for bearing diagnostics [38]. It enables the
demodulation of the signal by filtering out the fault (envelope) signal from the carrier
(resonant) signal. However, one of the debates on envelope analysis is how to select the most
plausible range for demodulation. This issue has been substantially addressed through the

utilization of spectral kurtosis and kurtogram to identify the most impulsive range [38].

In this section, SK is used to detect the most impulsive band of the signal. By band-pass
filtering this band, while removing signals elsewhere, the fault signal quality may be
improved, and the kurtosis: a typical measure of the signal's peakedness [39], is increased.
The signal is then filtered around the obtained frequency band. As a last step, envelope
analysis is implemented on the band-pass filtered signal. The flowchart of the applied

method is presented in Fig. 4.1.
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Fault detection and diagnosis

Figure 4.1 : Flowchart of applied method in section 4.1

In traditional vibration signals captured using accelerometers, the frequency components
indicative of a bearing fault are typically low and frequently obscured within the overall
structural response of the bearing. When measuring IAS variations from an encoder, the
issue is that deterministic components, like shaft and gear frequencies, are prominent. Hence,
fault frequencies have low energy in the signal [31]. In our case, there is no gear; however,
shaft rotating frequency and high-pressure pump piston movement frequencies are strictly
dominant in the spectrum. The piston movement frequency is equivalent to four times the

shaft rotating frequency since it is driven by a four-lobe camshaft.

For the signal analysis, M1, M2 and M3 measurements which were acquired at 450 rpm are
used. SK results of the three measurements are presented in Figure 4.2. Two bands are
significant in measurements. For the M1 fault-free measurement, optimal-band corresponds
to a band pass filter with center frequency f. = 18766.3 Hz and bandwidth b,, = 12500 Hz.

For the M2 and M3 faulty measurements fast kurtograms are very similar, two band: band
with f. = 18766.3 Hz, b,, = 12500 Hz and band with b,, = 3922.5 Hz, b,, = 1562.5 Hz are
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dominant and have higher kurtosis value. Therefore, the signals are investigated at two
different bands and results are presented separately.

K max =3.9756 at level 1.0 K'max =5.7828 at level 1.0
Center frequency : 18766.3Hz Bandwidth =12500.0Hz @450 rpm Center frequency : 18766.3Hz Bandwidth =12500.0Hz @450 rpm
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Figure 4.2 : Fast kurtogram: (a) M1 fault-free measurement; (b) M2 measurement with 1
mm fault width; (¢) M3 measurement with 2 mm fault width.

In Figure 4.3, the envelope spectra of the M1 fault-free measurement are presented. There is
no sign of BPFI and harmonics at both bands. In contrast to the M1 measurement, BPFI and
harmonics are observed in the envelope spectra of the M2 and M3 measurements as can be
seen in Figure 4.4. Even when the fault width is expanded from 1 mm to 2 mm in the M3

measurement, the second harmonics of the fault frequency become more visible.
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Another observation is that different speeds and frequency bands were investigated
(not all are given here to avoid complexity). However, the shaft rotating frequency,
piston movement frequencies, and their harmonics are always dominant in the signal.
It has been concluded that most deterministic components should be removed from the
signal since the bearing fault frequencies have low energy in the signal.

4.2 SVD and EMD Based Method

In this section, we introduce a signal de-noising and enhancement approach that
employs a hybrid combination of SVD and Empirical Mode Decomposition. The
efficacy of this method in detecting bearing fault is compared with raw signal and
direct EMD applied signal’s spectrums. For the signal analysis, M3 measurement
which was acquired at 450 rpm is used. As outlined in section 3.2 measured signal
contains 200000 data points spanning a duration of 4 seconds. Consistent with the
concept of Instantaneous Angular Speed (IAS), shaft rotating speed instantaneously
changes over time and fluctuates about average rotating speed. It can be easily
understood from the time domain part of Figure 4.5.
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Figure 4.5 : (a) Captured 1AS signal from a faulty bearing: M3 measurement, (b)
corresponding amplitude spectrum.
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The amplitude spectrums are plotted to encompass the first two harmonics of the
bearing fault frequency. The second harmonic of the bearing fault frequency is
approximately equal to 116 Hz. Therefore, spectrums are plotted up to 120 Hz. When
the amplitude spectrum of the measurement was examined, it was not possible to detect

bearing inner ring fault frequency.

In another investigation, EMD method is directly applied to the raw signal without any
prior noise elimination. The first six Intrinsic Mode Functions (IMFs) and their

corresponding amplitude spectrums are presented in Figures 4.6 and 4.7.
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Figure 4.6 : The first six IMFs of the raw signal.

Each IMF of the signal is examined through the spectrum analysis. However, bearing
inner ring fault frequency was not detectable in amplitude spectrums. Instead, the

spectra were predominantly characterized by shaft harmonics and the high-pressure
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pump piston movement frequency, which is equivalent to four times the shaft rotating
frequency (30 Hz).
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Figure 4.7 : Raw data EMD applied; amplitude spectrum of first six IMF: (a) IMF1,
(b) IMF2, (c) IMF3, (d) IMF4, (e) IMF5, (f) IMF6

In proposed method, the SVD method is used for de-noising the signal in the time

domain while the EMD method is employed to decompose the signal into different

frequency bands. Then, signal is analysed to detect bearing fault using FFT in

frequency domain. The flowchart of the proposed method is presented in Fig. 4.8.
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Figure 4.8 : Flowchart of proposed method in section 4.2

The proposed methodology is investigated using measured bearing instantaneous
angular speed (IAS) signals. Despite instantaneous angular speed signal’s insensitivity
to the bearing transfer function, the measurement of rotational speed remains
vulnerable to background noise [31]. Consequently, the SVD method is employed first
to remove noise from the measured signal as much as possible. However, the SVD
method is not directly applied to the measured raw signal since it was acquired at a
very high sampling frequency and consists of huge number of data points. As the
theoretical background of SVD is explained in section 2.6.1, this technique requires
considerable computational time and performance based on the size of the input data
matrix. Therefore, the raw data is resampled prior to SVD operation, but the frequency
resolution is kept as before. The resampling frequency, on the other hand, is set to a
certain value so as to guarantee that analysis spans the frequency range of interest for
the purpose. Therefore, original signal is resampled to 70000 data points using the
Fourier method, implemented via a built-in function in the Python SciPy library. This
process is similar to interpolation, where the signal is reconstructed with fewer data

points while maintaining the original signal's shape.
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In the next step, the input signal in vector form is converted into a matrix form through
Hankel matrix [48]. Later, input data matrix is decomposed using SVD method and
singular values matrix is obtained. These singular values represent the strength or
importance of different components in the signal. Larger singular values correspond
to components that contribute more significantly to the overall structure of the signal.
In the context of signal de-noising, identifying and retaining these larger singular
values becomes crucial. They represent the dominant features or patterns in the signal,
making them essential for preserving meaningful information while eliminating noise
[22]. Therefore, during the de-noising process, a focus on larger singular values aids
in effectively separating and preserving the significant components of the signal. One
way to determine the first r singular values in equation 2.23, consequently the noise
threshold is to plot the normalized singular values and to select the suitable rank when
these normalized values near an asymptotic level [16, 49]. In total, 5000 singular
values are calculated, but only 2000 of them are plotted. The first 2000 normalized

singular values are plotted on a logarithmic scale, as shown in Figure 4.9.
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Figure 4.9 : Normalized singular values of Hankel matrix.

Upon analysing the plotted graph of normalized singular values, it was decided to
investigate the impact of rank selection on signal noise elimination regarding different
rank values: 50, 350, and 2000. Original and reconstructed signals are given in Figure
4.10.
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Figure 4.10 : Time waveform of original signal and reconstructed signal: (a) r = 50,

(b) r =350, (c) r = 2000

As illustrated in Figure 4.10, when a relatively low signal rank is chosen (r = 50), the

reconstructed signal diverges from the original signal, resulting in a change in shape

that may lead to information loss. Conversely, selecting a high rank value can lead to

a significant reduction in signal noise elimination performance, with the increase of

rank signal approaches to its original form as expected. Obviously, when the possible

maximum rank is selected, the reconstructed signal becomes exactly the same as the

original signal.
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After the assessment of normalized singular values, effective rank value is chosen as
350 and data matrix is reconstructed based on the selected rank value. It is worth
stating here that the reconstructed signal in vector form is derived through arithmetic
averaging across the anti-diagonals of the reconstructed matrix. This technique,
commonly referred to as diagonal averaging, details of the technique is explained in
[22].

After the de-noising process, the de-noised signal is decomposed into intrinsic mode
functions to distinguish different frequency bands. The first six IMFs are obtained and
presented in Figure 4.11.
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Figure 4.11 : The first 6 IMFs of the de-noised signal.

As can be seen in amplitude spectrums of the first six IMF in Figure 4.11, each IMF

signal encapsulates a range of different frequency bands, spanning from high to low
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frequencies. IMF1 includes the highest frequency component while the IMF6
represents the lower one in this set. It is suggested in the literature that by examining
each of the IMFs, fault frequency of bearings may be identified [35].
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Figure 4.12 : Amplitude spectrums of first three IMF: (a) IMF1, (b) IMF2, (c) IMF3

When the presented spectrums in Figure 4.12 are examined, the bearing inner ring fault
frequency (BPFI) is distinctly visible in the first two IMF’s amplitude spectrum. On
the other hand, the third IMF’s amplitude spectrum is dominated by the rotational
frequency of the shaft and this makes other components of the signal greater than about

20 Hz not notable. It is demonstrated that bearing inner ring fault frequency can be
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successfully detected with proposed method under fairly strong background noise
while direct EMD method shows weak performance.

4.3 Fault Detection Method Based on Removal of Deterministic Components

As highlighted earlier, in standard accelerometer-based vibration measurements, the
frequency components indicative of a bearing fault carry low-energy and are typically
integrated into the structural response of the bearing housing. However, when
analyzing instantaneous angular speed variations captured by an encoder, the
challenge shifts, it becomes critical to eliminate the most energetic components that
do not pertain to the target frequencies. It is essential to eliminate frequencies
associated with the shaft and gears. In our case, despite the absence of gears in the
system, frequencies related to piston movements and shaft harmonics were notably
prevalent in the signal. While various techniques are available such as Linear
Prediction, Time Synchronous Averaging (TSA), etc. The removal of deterministic
components in this context is achieved through the Fourier domain, by setting the
corresponding Fourier coefficients in the signal to zero. This method bears

resemblance to the practice of comb filtering.

In this method, windowing (Hanning window) is initially applied to the signal to
reduce spectral leakage prior to the filtering operation. Following the windowing
process, the signal’'s amplitude spectrum is analyzed to identify the frequency bands
around the center frequencies that need filtering. The center frequencies and their
adjacent Fourier coefficients are then set to zero. Once the signal has been filtered in
the frequency domain, an Inverse Fourier Transform (IFFT) is performed on the signal
to revert it to the time domain. Additionally, both before and after filtering, the RMS
and kurtosis values of the signals are computed and recorded. For spectral analysis, a
Fourier transform is conducted on the filtered signal. Since windowing was applied
before the filtering, it is not reapplied before the FFT operation; as the edges of the
time domain signal were already close to zero, there would not be a sharp transition in
the FFT operation. The effects of windowing and the optimal placement of the window
in this method were explored, with the best performance achieved following this

sequence. The flowchart of the proposed method is clearly depicted in Fig. 4.13.
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Figure 4.13 : Flowchart of proposed method in section 4.3

The M3 faulty measurement signal is utilized to test the proposed method, analyzed at
various working speeds. To illustrate the condition before filtering, FFT is directly
applied to the signal at 300 rpm, with similar outcomes observed at other speeds. A
relatively lower rpm is chosen due to its lower noise content. As shown in Figure 4.14,
without any signal cleaning or filtering, it is impossible to detect the bearing inner fault

frequency since the energy of the bearing fault frequency is very low in the signal.
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Figure 4.14 : (a) Captured IAS signal from a faulty bearing at 300 rpm: M3
measurement, (b) corresponding amplitude spectrum.

To demonstrate the method's effectiveness, signal spectra are analyzed at various
speeds. The amplitude spectra and the envelope spectrum are presented in Figs. 4.15,
4.16, and 4.17 for different speeds.
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Figure 4.15 : Amplitude Spectra of filtered 1AS signals at: (a) 300 rpm, (b) 400 rpm

When the spectra are analyzed, frequencies and harmonics associated with bearing
inner ring fault is detected in both amplitude and envelope spectra. A review of the
literature anticipated the presence of particularly high harmonics in incipient faults, a
characteristic that is observed in this study as well. Additionally, when the fault is
present on a rotating component, signal modulation occurs. In our case, the bearing
inner ring rotates along with the mounted shaft. Consequently, the bearing inner ring
fault frequency is modulated by the shaft rotation frequency. This modulation can be
monitored as sidebands around the center frequency in the spectra. These can be
observed in the relevant spectral plots as 1XxBPFI + 1xfr, 1XBPFI + 2xfr, 2xBPFI +
Ixfr, 2xBPFI * 2xfr, etc.
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Figure 4.16 : Amplitude Spectra of filtered 1AS signals at: (a) 600 rpm, (b) 1000
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Figure 4.17 : Envelope spectrum of filtered IAS signal at 1000 rpm.
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When investigating the effect of working speed, consistent results were obtained in
amplitude spectra at different working speeds, where the bearing inner ring fault
frequency could be detected. However, the results in the envelope spectra were not as
consistent as those in the amplitude spectra at certain speeds. It was not possible to
detect bearing inner ring fault frequency at whole speeds. Another observation is that
the amount of noise in the signal increases with increasing speed, making it harder to
distinguish the bearing inner ring fault frequency and its harmonics in the spectra.
Therefore, it is observed that speeds lower than 1000 rpm yield better results in our
application. For similar applications, lower speeds are recommended for improved
fault detection performance. When comparing the kurtosis and RMS values of the
filtered and original signals, it is noted that after filtering, both the kurtosis and RMS
values of the signals are increased. A similar behavior is observed with the amount of
noise in the signal; both RMS and kurtosis values are increased with the increase in

working speed.
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5. CONCLUSIONS AND SUGGESTIONS

5.1 Conclusions

This thesis aims to assess methodologies for fault detection of roller bearings based on
rotary encoder signals. The most common and well-established signal processing
techniques used in traditional vibration-based fault detection applications are
examined, and their implementations in encoder-based fault diagnosis are investigated.
Particular attention is devoted to the enhancement and de-noising aspects of the
measured signals to increase the fault detection performances of the method studied.

After the introduction of the problem and a review of the existing literature, the second
chapter focuses on encoder specific parts, wherein working principle and

measurement, employed signal processing methods are introduced.

In the third chapter, the experimental setup, and the details of the measurement

campaign are described.

In the experimental part of the study, an already existing test bench for the endurance
validation of high-pressure pumps is used. It enabled to carry out work on real-world

measurements which also contain a significant amount of background noise.

Chapter 4 deals with signal processing of the measured raw data in order to get hidden
information which can be utilised for bearing fault detection. Three main

methodologies are introduced.

In the first methodology, spectral kurtosis (SK) and envelope analysis are used to
detect bearing inner ring faults. For this purpose, fault-free as well as small, and
medium fault sizes are examined. The effects of carrying out the analysis within
different frequency bands on the performance of this method is also investigated. It is
shown that the bearing inner ring fault frequency is detectable in the envelope spectra
of the faulty bearings while there is no visible peak in fault-free measurement spectra.
Moreover, it is found that when the fault size is increased, the second harmonic of the

bearing inner ring fault frequency also becomes visible in the envelope spectrum.
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In the second part of this section, signal de-noising was the primary focus of the
investigation. Singular Value Decomposition (SVD) and Empirical Mode
Decomposition (EMD) based bearing fault detection methodology is proposed. First
of all, the spectrum of the unprocessed signal and EMD applied signals are examined
to detect the bearing inner ring fault frequency. However, no indication of bearing fault
frequency was detectable in the spectra. Then, the SVD method is employed as a pre-
signal processing step for de-noising the raw signal. The details of the SVD method,
including data matrix creation and effective rank selection, are also handled. After the
signal de-noising process, the EMD method is utilised to decompose the signal into
different frequency bands and intrinsic mode functions (IMFs) of the signal are
obtained. Detailed investigation of IMFs reveals that the bearing inner ring fault
frequency, hence the fault, can be confidently detected in the first two IMF spectra of
the signal. Consequently, it is shown that the proposed methodology is capable of
accurately identifying the bearing inner ring fault frequency even in the presence of
fairly substantial background noise. However, only spectrum analysis and the direct
application of Empirical Mode Decomposition (EMD) have shown limited efficacy

under the same conditions.

In the third method, the most deterministic components are removed from the signal
to highlight the bearing fault frequency. Kurtosis values are calculated for both the
filtered and the original signals, with an observation that kurtosis values increase
following the filtering operation. Post-filtering, both amplitude and envelope spectra
are meticulously analyzed at various working speeds. In both spectra, the bearing inner
ring fault frequency and its harmonics are successfully identified. However, the
amplitude spectra display more consistent results across different working speeds.
Thus, a hybrid methodology incorporating both amplitude and envelope spectra is
recommended for generating fault indicators. Furthermore, upon examining the
spectra, sidebands around the center frequencies become noticeable due to the
modulation of the bearing fault frequency with the shaft rotating frequency, a
phenomenon anticipated when the bearing fault is on the rotating components, as per
the literature. It is also noted that with an increase in rotating speeds, the noise content
of the signal escalates in our scenario. This increase is also reflected in the kurtosis
values, making it easier to identify bearing fault frequencies at relatively lower rpms.

In our case, speeds lower than 1000 rpms yield superior signal fault detection
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performance. Therefore, fault detection at lower rpms is recommended for similar

systems.

Consequently, it is concluded that encoder signal-based fault detection methods can
be powerful alternatives in the field of condition monitoring of bearings. Moreover, it
is found that the bearing fault detection capability of the methods can be significantly
improved by the use of signal de-noising.

53



5.2 Suggestions for Future Works

When measuring instantaneous angular speed (IAS) variations from an encoder, a
significant challenge arises due to deterministic components related to the kinematic
chain, such as shaft and gear frequencies, which are prominent in the signal.
Consequently, vibrations at fault frequencies exhibit low level of energy in the signal.
In order to increase the relative contributions of the vibrations at fault-related
frequencies, future research could focus on refining the techniques for the subtraction

or cleansing of signals from various kinematic chain-related components.

Moreover, advanced investigations may be conducted about the proposed SVD-EMD
based noise reduction and bearing fault detection method in this thesis. For the SVD
part, researchers may develop appropriate methods for automatic selection of the
effective rank, particularly tailored for torsional vibration signals. Even a minor
improvement in rank selection procedure could significantly enhance the signal de-

noising performance and speed up the fault detection procedure.

Another potential area for improvement is the signal decomposition aspect of the
method. While this study employs the most traditional and accepted version of the
EMD method, various other EMD versions exist in the literature. These could be

assessed, and the IAS signal-based fault detection method can be improved.

In the experimental validation part of this thesis, our research concentrated on a single
fault in one bearing, despite the availability of other bearings in the system. Most
industrial machines, as in our system, consist of various components and several
bearings. Future studies can explore scenarios with multiple faults in a single bearing

or multiple bearings.

Additionally, investigating the encoder fault detection capability in systems with
multiple components, both in single and multiple drive trains, presents another

challenging research direction.
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