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NEURO CLASSIFIERS FOR CONDITION AND BEARING HEALTH
ASSESSMENT OF AN ELECTRIC MOTOR

SUMMARY

Electric motors (EMs) and their maintenance applications have recently constituted
the central core of most industrial processes. Induction motors (IMs) are vastly used
among various types of EMs due to their robustness, simplicity, and reliability. Indeed,
reliability plays an essential role in all engineering applications. In order to enhance
the integrity or safety and prevent any potential devastation or failure in the power
systems, the Condition Monitoring (CM) of IMs has been encountered by lots of
enthusiasts recently. Due to this, many researchers have focused on investigating and
detecting the different types of failures in IMs. According to the information acquired
from several surveys, the approximate rates of bearing failures, winding failures, and
rotor-related failures are 40%, 30%, and 9%. It can be concluded that the bearing
failures are the most probable faults in the IMs. Therefore, a CM technique is vital for
detecting the bearing degradations at their earliest stages in an IM. In this way, accurate
and quantitative information on the present condition of the IM can be found by
tracking the performance of the motor.

There are plenty of CM and Fault detection (FD) techniques to diagnose the various
faults and their associated frequencies in IMs. However, monitoring the aging levels
indicating the overall condition of an IM is not considered vastly. Indeed, aging is a
gradual and progressive process arising from several faults in the EMs. The bearing
faults can be enumerated as the main problem accelerating the aging in an IM.
Therefore, besides the overall condition of an IM, the bearing condition of the IM is
also classified in this study. Furthermore, signals acquired from EMs contain lots of
information on the condition of the system. The most favorable signal is the vibration
since both the electrical and mechanical problems can be revealed through its proper
interpretation. In this study, the vibration signals are employed due to their direct
representations of the bearing degradations in an IM. Indeed, eight vibration signals
have been collected through an accelerated aging experiment on an IM. The
experimental data is obtained from an accelerated aging experiment, which was
conducted in a research and development project supported by The University of
Tennessee Maintenance and Reliability Centre. The Electrical Discharge Machining
(EDM) and the thermal-chemical aging operations constitute the two phases of the
accelerated aging experiment.

In recent years, Artificial Neural Networks (ANNs) have also been used vastly as
simple and feasible computational tools for the CM and FD of IMs. There are many
research works regarding the classification applications of ANNs in power systems.
The preferable architecture for the classification applications of ANNSs is the FFNN
structure. The significant advantage of ANNS is the fact that they are able to classify
various types of faults and their severities in an IM. In this study, two different types
of Feedforward Neural Network (FFNN) models are designed with different training
optimization algorithms for classifying eight aging levels of an IM. The first model is
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a shallow Pattern Recognition Neural Network (PRNN) trained by two different
optimization algorithms. The Levenberg-Marquardt and the Scaled Conjugate
Gradient algorithms are employed as the two optimization algorithms in the developed
PRNNSs. The second classifier is a deep, fully connected FFNN solved by the limited-
memory Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm. All the
classification applications developed in this study benefit from the error
Backpropagation (BP) technique.

The performances of these classifiers are primarily assessed with the aim of monitoring
the overall condition of the IM. The second aim is to evaluate their performances in
monitoring and classifying the different bearing conditions of the IM.

This study constitutes two parts containing four different ANN-based applications. In
the first part, the time-domain statistical features of the provided experimental
vibration signals are directly processed by different neuro classifiers to rate the overall
conditions of the IM. Indeed, these two classifiers are operated without any
preprocessing operations. This part evaluates the performance of the PRNN model
trained by the Levenberg-Marquardt and the Scaled Conjugate Gradient algorithms
and a multi-layered FFNN solved by the L-BFGS algorithm.

The second part represents the bearing aging classification applications by using the
aforementioned shallow and deep classifiers. A comparison-based study is executed
on the testing performances of the PRNN trained by the Levenberg-Marquardt
algorithm and the L-BFGS-based FFNN. In this part, primarily, the high-frequency
bands associated with the bearing faults in the spectra of the vibration signals are
decomposed by using a one-level Multiresolution Wavelet Analysis (MRWA)
technique. In this regard, only the essential frequency bands containing the bearing
fault features are employed through a preprocessing process. Additionally, novel
spectral-based features are selected as the inputs of the proposed classifiers to reduce
the input dimensions of the network.

The performances of the networks, with the optimal hidden layer geometry in each
application, are also analyzed by computing four metrics. The four metrics available
for evaluating the developed classifiers are the accuracy rate, the Recall, the Precision,
and the F1-score. In addition, the confusion matrix, Receiver Operating Characteristic
(ROC), error histogram, and training loss plots are also used to assess the reliability
and performance of the designed neuro classifiers. By comparing the performances of
the proposed classifiers, it is deduced that the L-BFGS-based FFNN applications
outperform the PRNN applications, generally. In the first part of the study, The testing
accuracy rates of the network with the optimal geometry in the PRNN and the L-
BFGS-based FFNN applications are 97.2% and 100%, respectively. Likewise, in the
MRWA-based study, the testing accuracy rates of the network with the optimal
geometry for the shallow and deep classifiers are 97.9% and 100%, respectively.
Therefore, it is concluded that the outstanding performance of the MRW A-based deep
classifier indicates the novelty and high reliability of the L-BFGS-based FFNN
application in grading the different bearing aging levels of an IM. Indeed, among these
four applications, MRWA-based FFNN solved by the L-BFGS algorithm has the most
important contribution in terms of novelty, high reliability and high performance.
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ELEKTRiK MAKINASINDA DURUM VE RULMAN SAGLIGI
DEGERLENDIRMESI iCiN NORO SINIFLANDIRICILAR

OZET

Elektrik motorlarinin durum izleme ve bakim uygulamalar1 son zamanlarda ¢ogu
endiistriyel silirecin merkezini olusturmustur. Endiistride en ¢ok kullanilan motor tipi
olan Asenkron motorlar ise saglamliklari, basitlikleri ve giivenilirlikleri nedeniyle
cesitli motor tiirleri arasinda yaygin olarak tercih edilmektedirler. Giiniimiiz
miihendislik uygulamalarinda giivenilirlik ¢ok 6nemli bir yere sahiptir. Giivenilirligi
saglamak ise sistem siirekliligini, biitlinliglinii ve giivenligini artirmak i¢in giic
sistemlerinde herhangi bir olasi1 tahribati veya arizay1 dnlemeyi gerektirmektedir. Bu
sebeple asenkron makinelerin, durum izlemesi ve hata analizi konular1 son zamanlarda
cok ilgi cekmektedir. Bu nedenle, birgok arastirmaci asenkron makinalardaki farkli
ariza tlirlerini aragtirmaya ve tespit etmeye odaklanmistir. Bu alanda yaymlanmis
caligmalara dayandirilmis derleme makale c¢alismalari literatiirde mevcuttur. Bu
derleme makalelerin en 6nde geleninden elde edilen bilgilere gore; rulman arizalari,
sarg1 arizalar1 ve rotorla ilgili arizalarin yaklasik oranlar sirasiyla yaklasik %40, %30
ve %9 seklindedir. Diger derleme makalelerin sonuglarina gore de rulman arizalarinin
asenkron makinalarda en olasi arizalar oldugu sonucuna varilmaktadir. Bu nedenle, bir
asenkron makinada rulman bozulmalarini en erken agsamalarinda tespit etmek i¢in bir
durum izleme teknigi hayati 6nem tasir. Bu sayede motorun performansi izlenerek
makinanin mevcut durumu hakkinda dogru ve nicel bilgiler bulunabilir.

Asenkron makinalarda cesitli arizalar1 ve bunlarla iligkili karakteristik frekanslar
teshis etmek icin ¢ok sayida durum izleme ve ariza tespit teknigi vardir. Bununla
birlikte, bir makinanin genel durumunu gosteren yaglanma seviyelerinin izlenmesi ¢ok
fazla dikkate alinmaz. Aslinda yaslanma, makinalardaki c¢esitli hatalardan
kaynaklanan kademeli ve ilerleyici bir siirectir. Bir asenkron makinada yaslanmaya
katkida bulunan temel hata modu olasiliksal olarak rulman arizalar1 olarak sayilabilir.
Bu nedenle, bir asenkron makinanin genel durumunun yani sira, rulmaninin saglik
durumu da bu ¢alismada siiflandirilmstir.

Literatiirdeki durum izleme ve hata belirleme c¢aligmalar1 model ve sinyal tabanl
olarak gergeklestirilebilmektedir. Model tabanli yaklagimlar son derece pratik ve
gorece basit olmakla beraber genellestirmeye uygun degillerdir. Bir baska deyisle
model, ait oldugu sistemle ilgili dogru bilgiyi saglayabilirken baska sistemlerde dogru
caligmayabilmektedir. Ote yandan sinyal tabanli calismalarda tamamen sinyalin
istatistiksel, spektral ve zaman — frekans 6zelliklerine dayali yontemler 6nerilmektedir.
Bu yontemler makina tipinden bagimsiz olarak bir tutarlilik teskil ederler. Bu anlamda
sinyal tanabli durum izleme ve hata analizi yOntemleri daha genellestirilebilir
niteliktedir. Elektrik motorlarindan durum izleme ve ariza tespiti amaciyla, akim,
gerilim, titresim, ses ve moment gibi farkli tiplerde sinyaller toplanabilmektedir.
Bunlardan en yaygin olani sinyal toplama kolaylig1 goz 6niine alininca akim sinyalidir.
Ancak akim sinyali elektriksel arizalar i¢in direkt ve kolay indikasyonlar igerse de
heniiz bliylimemis sorunlari mekanik sorunlar1 ¢ok da agik bicimde ortaya koymaz.
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Sistemin durumu hakkinda en genel bilgi titresim sinyali ile elde edilir ¢iinkii titresim
sinyali hem elektriksel hem de mekanik kisimlara iligkin bilgileri bir arada sunma
yetisine sahiptir.

Bu calismada da bir asenkron makinadaki rulman bozulmalarin1 dogrudan ortaya
koyabilme yetileri nedeniyle titresim sinyalleri kullanilmistir. Deneysel veriler,
A.B.D. Tennessee Universitesi Bakim ve Giivenilirlik Merkezi ile Oak Ridge Ulusal
Laboratuar tarafindan desteklenen bir arastirma ve gelistirme projesinde ytiriitiilen bir
hizlandirilmis yaslandirma deneyinden elde edilmistir. Calismada asenkron makina
tizerinde hizlandirilmis bir yaslandirma deneyi yoluyla sekiz titresim sinyali
toplanmistir. Bunlardan ilki saglikli durumda elde edilmis ardindan sistem yedi defa
kombine bir yaslandirma aksiyonuna maruz birakilmigtir. Kombine yaslandirma
aksiyonu; elektriksel bosalma ve termokimyasal yaslandirma islemleri seklinde iki
adim icermektedir. Eletriksel bosalma adimi kapsaminda mil {izerinde endiiklenmesi
muhtemel gerilimler ve bunlarin yaratacagi bosalmalar yapay olarak simiile edilmistir.
Termokimyasal yaslandirma igin ise motor belirli periodlarla su dolu bir tank igine
batirilmis ve ¢ikarilip endiistriyel firmnlarda yiiksek 1siya maruz birakilmistir. Her
yaslandirma aksiyonu sonrasinda motorun akim ve titresim verileri farkli yiik
durumlarinda kaydedilmistir.

Son yillarda, Yapay Sinir Aglar1 (YSA), asenkron makinalarin durum izleme ve hata
analizi i¢in basit ve uygulanabilir hesaplama araclar1 olarak biiylik Olcilide
kullanilmistir. YSA'larin gii¢ sistemlerinde siniflandirma uygulamalart ile ilgili birgok
arastirma caligmas1 bulunmaktadir. Siniflandirma uygulamalari i¢in tercih edilen
mimari ileri beslemeli tam baglantili yapay sinir agi yapisidir. Literatiire gore,
Y SA'larin 6nemli bir avantaji, asenkron makinalarda cesitli ariza tiirlerini ve bunlarin
onem derecelerini siniflandirabilmeleridir. Bu ¢alismada da bir asenkron makinanin
sekiz yaslandirma seviyesini smiflandirmak i¢in farkli egitim optimizasyon
algoritmalart ile iki farkli tip ileri Beslemeli Sinir Ag1 (IBSA) modeli tasarlanmistir.
IIk model, iki farkli optimizasyon algoritmasi tarafindan egitilmis s1§ bir Oriintii
Tamma Sinir Agidir (OTSA). Gelistirilen OTSA'larda iki optimizasyon algoritmasi
olarak Levenberg-Marquardt ve Scaled Conjugate Gradient algoritmalar
kullanilmustir. Tkinci yapay sinir agl smiflandirici, smirli bellekli Broyden-Fletcher-
Goldfarb-Shanno (L-BFGS) algoritmasi tarafindan ¢dziilen derin, tam baglantili bir
IBSA'dir. Bu galigmada gelistirilen tiim siniflandirma uygulamalari, hata geri yayilimi
tekniginden yararlanmaktadir.

Bu c¢alisma, dort farkli YSA tabanli uygulamay iceren iki boliimden olusmaktadir. Bu
smiflandiricilarin performanslari, oncelikle asenkron makinanin genel durumunu
izlemek amaciyla degerlendirilir. Ikinci amag, asenkron makinanin farkli rulman
kosullarini izleme ve durumlarii siniflandirmaktir. Her iki boliim i¢in de OTSA ve L-
BFGS ile egitilen IBSA olmak iizere ikiser ag yapilandirilmis ve optimize edilmistir.
Tim bu dort uygulamada da optimum gizli katman geometrisine sahip aglarin
performanslar1 dort metrik hesaplanarak analiz edilmistir. Gelistirilen siniflandiricilar
degerlendirmek i¢in kullanilan doért metrik; dogruluk orani, duyarlilik, kesinlik
derecesi ve F1 puanidir. Ayrica, tasarlanan noro-siiflandiricilarin giivenilirligini ve
performansini degerlendirmek i¢in karigiklik matrisi, karar vericinin etkinligi (ROC),
hata histogrami ve egitim kayb1 grafikleri de kullanilmaktadir.

IIk béliimde, saglanan deneysel titresim sinyallerinin zaman domenli istatistiksel
ozellikleri, asenkron makinanin genel durumunu degerlendirmek icin farkli noro-
siniflandiricilar tarafindan dogrudan islenmektedir. Bu konuda biri s1g (OTSA) digeri
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derin (L-BFGS ile desteklenen IBSA) olmak iizere iki adet smiflandirici
yapilandirilmaktadir. Bu iki smiflandirici herhangi bir 6n proses islemi olmaksizin
ham verilerin 1ilgili istatistiksel parametreleri kullanilarak calistirilmaktadir. Bu
baglamda, Levenberg-Marquardt ve Scaled Conjugate Gradient algoritmalari
tarafindan egitilen OTSA modelinin ve L-BFGS algoritmasi tarafindan ¢dziilen ¢ok
katmanli bir IBSA'nin performans: degerlendirilmektedir. OTSA modelinin sonucu
olarak Levenberg-Marquardt algoritmasi ile egitilen aglarin Scaled Conjugate
Gradient algoritmast ile egitilen aglardan daha iyi performans gosterdigi
belirtilmektedir. Levenberg-Marquardt algoritmas: ile egitilen en iyl yapiin
maksimum toplam dogruluk orani %99,2 iken, bu ag ile iliskilendirilen test dogruluk
oran1 %97,2'dir. Ilgili metrikleri analiz ederek ve farkli yapilarin performans dlgiim
grafiklerini karsilagtirarak, OTSA'nin optimum yapisinin bile asenkron makinanin
yaslandirma smiflandirmasi i¢in yeterince giivenilir olmadig1 sonucuna varilmistir.
Ayrica optimum yapi i¢in hesaplanan %100 egitim dogruluk orani, nerilen agda asir1
uyum olasiliini temsil eder ki; bu YSA i¢in istenen bir yap1 degildir ve ag ezberine
isaret edebilir. Ezberleme riskini azaltmak ve daha giivenilir yapilar igeren bir model
olusturmak i¢in, asenkron makinanin genel durumunu derecelendirmek amaciyla derin
bir siniflandirici olarak L-BFGS algoritmast ile ¢oziilen iki katmanli bir IBSA modeli
gelistirilmistir. Bu siiflandiricinin maksimum test dogruluk orant %100'diir, bu da
OTSA uygulamasindan daha iyi bir performans gosterdigini ortaya koymaktadir.
Ayrica, hesaplanan tiim metrikler ve performans Ol¢tim grafikleri, secilen agin
kesinligini ve dogrulugunu optimum bir yap1 olarak onaylar. Bu uygulamada, 6nerilen
derin siniflandirict, derin YSA uygulamalarinda fazla uyumu onleyerek, test veri
setinin rastgele boliinmesi i¢in gilivenilir bir ara¢ olan c¢apraz validasyon
kullanmaktadir ve bu anlamda da OTSA uygulamasindan daha giivenilir
sayilmaktadir.

Calismanin ikinci kisminda yukarida bahsedilen sig ve derin siniflandiricilar
kullanilarak rulman yas1 smiflandirma uygulamalari yapilmistir. Bu maksatla
Levenberg-Marquardt algoritmasi tarafindan egitilen OTSA'nin ve L-BFGS tabanl
IBSA’nin test performanslar1 {izerinde karsilastirmaya dayali bir ¢alisma
yiiriitiilmiistiir. Bu boliimde 6ncelikle titresim sinyallerinin spektrumlarindaki rulman
arizalari ile iligkili yliksek frekans bantlar1 tek seviyeli Cok Coziiniirliiklii Dalgacik
Analizi (CCDA) teknigi kullanilarak ayristirilmaktadir. Bu baglamda, bir 6n isleme
siireci sayesinde yalnizca yatak arizasi ozelliklerini iceren temel frekans bantlari
kullanilmaktadir. Ek olarak, agin girdi boyutlarin1 azaltmak i¢in Onerilen
smiflandiricilarin - girdileri olarak yeni spektral tabanli Oznitelikler seg¢ilmistir.
Hesaplanan metrikler ve performans 6l¢iim grafikleri incelenerek, énerilen OTSA'daki
optimum yapinin toplam ve test dogruluk oranlarinin sirastyla %95,6 ve %97,9 oldugu
sonucuna vartmistir. Optimum egitim dogruluk orant %100 olmadig1 i¢in bu
uygulama daha giivenilir ve gercekcidir. Ilaveten veri setlerinin boyutu 6nceki
uygulamaya kiyasla artirilarak ezberleme olasilig1 azaltilmistir.

Son olarak dérdiincii smiflandirici olarak, CCDA tabanli bir IBSA, L-BFGS
algoritmasi tarafindan, rulman yasi siniflandirma uygulamasinda giivenilirlik ve
performans acisindan degerlendirilmek ve onerilen CCDA-tabanli OTSA ile
karsilagtirilmak {izere egitilir. Bu siniflandirma ayni zamanda bes spektral temelli
Oznitelige dayanmaktadir. Hesaplanan dort degerlendirme metrigi ve performans
Ol¢tim grafiklerinin analizi ile, minimum egitim kayb1 olan aga ait maksimum test
dogruluk oranimin %100 oldugu tespit edilmistir. Ayrica, optimum siniflandirict igin
performans; karisiklik matrisi, karar vericinin etkinligi ve egitim kaybi grafikleri

XXV



kullanilarak ortaya konmustur. Hem s1g hem de derin siniflandiricilardaki optimum
yapilarin metriklerini, test karisiklik matrisini ve test karar vericinin etkinligi
grafiklerini karsilagtirarak; L-BFGS kullanilarak rulman yas1 siniflandirma
uygulamasinin performans ve giivenilirliginin yiiksek oldugu anlasilabilir. Bu nedenle,
CCDA tabanli derin siniflandirici, rulman yaslanma seviyesinin izlenmesi ve tespit
edilmesi i¢in en saglam ve giivenilir model olarak dnerilmektedir.

Onerilen smiflandiricilarm hepsinin performanslart karsilastirilarak, L-BFGS tabanli
IBSA uygulamalarinin genel olarak OTSA uygulamalarindan daha iyi performans
gosterdigi sonucuna varilmistir. Calismanin ilk boliimiinde, OTSA ve L-BFGS tabanli
IBSA uygulamalarinda optimum geometriye sahip agin test dogruluk oranlari sirasiyla
%97,2 ve 9%]100'diir. Aynm1 sekilde CCDA tabanli c¢alismada sig ve derin
smiflandiricilar i¢in optimal geometriye sahip agin test dogruluk oranlari sirasiyla
%97.9 ve %100'diir. Bu nedenle, CCDA tabanli derin smiflandiricinin {istiin
performansi sayesinde bir asenkron makinanin farkli rulman eskime seviyelerini
derecelendirmede yiiksek giivenilirlik gosterdigi sonucuna varilmigtir. Nitekim bu dort
uygulama arasinda, L-BFGS algoritmas ile ¢dziilen CCDA tabanli IBSA, orjinallik,
yiiksek giivenilirlik ve yiliksek performans agisindan en 6nemli katkiya sahiptir.

Calismanin katkisi, spektral tabanli Oznitelikleri ¢ikararak ve yaslanma izleme
uygulamalari i¢in verimli bir hibrit yap1 saglayarak yeni bir strateji ortaya koymasi
olarak ozetlenebilmektedir. CCDA tabanli siniflandiricilarin girdileri olarak dokuz
istatistiksel Oznitelik yerine bes spektral tabanli 6znitelik hesaplanarak, onerilen
aglarin boyutlar1 da verimli bir sekilde azaltilmaktadir. Ayrica, 6nerilen derin ndro-
smiflandiricinin yiiksek performans ve dogruluk puanlari, elektrik makinalarindaki
rulman bozulmalariyla iligkili onarilamaz hasarlar1 6nlemek i¢in biiyiik 6l¢lide durum
izleme ve hata tespiti islemlerini gerektiren endiistriyel uygulamalar i¢in yardimci
olabilir.
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1. INTRODUCTION

Electric motors (EMs) play an essential role in modern industry. In recent years, the
most common types of EMs used in industrial applications were: DC motors, Induction
motors (IMs), Permanent Magnet Synchronous Motors (PMSMs), switched reluctance
motors, and brushless DC motors [1]. Among different types of EMs, IMs are the most
widely used electro-mechanical devices in industrial applications due to their high
reliability, simple structure, optimum efficiency, and less maintenance need [1,2].
Owing to these significant characteristics, Condition Monitoring (CM) and Fault
Detection (FD) of IMs are vital issues that must be considered seriously [3]. Indeed,
to prevent financial losses and physical damages, the health conditions of the IMs
should be monitored and assessed at their earliest stages [4]. In addition, the quality of
the performance and productivity of the system can be enhanced efficiently by
investigating the health condition of the motor frequently and performing the early

detection of inevitable faults [5].

Various electrical and mechanical faults occur in the IMs. Among all the electrical and
mechanical faults, the bearing faults, which take place as mechanical faults, are the
main reason for around 40% of the breakdowns in the IMs. Therefore, It is essential to
note that by monitoring the health condition of IMs, different aging levels
corresponding to the severity of these faults can also be detected accordingly. Some
factors may interfere to form the bearing faults in the IMs; wear and tear, improper
lubrication, overheating, shock loads, and imbalances are the other significant reasons
that create the bearing faults in the IMs [6]. In recent years, many studies have focused
specifically on the classification of the various faults in the IMs. However, the bearing
aging classification application is rarely considered in the literature. Therefore, there
are not enough research works that assess the performance of a classifier in terms of
estimating different bearing degradation levels. That is why among all the
classification-based studies, the bearing aging classification can be enumerated as a

unique and favorable application.



1.1 Aim of the Thesis

The aim of this study is to classify the aging levels of an IM according to the overall
condition of the motor and the bearing fault information, which is extracted from the
experimental vibration data. From this point of view, the deduced aging class would
be assessed as a condition estimation. Indeed, as a motivation, this study can lead us
to analyze the performance of the motor precisely and provide proper life-extending
precautions before encountering any costly losses. Thus, this study is beneficial for the
CM and FD purposes, enhancing the quality of the system and preventing any

malfunctioning or breakdown possibilities in the IMs.

This study is constituted of two parts determining the aging classification of the motor
and rating the severity of the bearing degradation. In the first part, the age or condition
classification will be implemented by using two different types of Neural Networks
(NNs) based on statistical features. These two neural classifiers are developed to
classify the vibration signals of an IM associated with different aging levels. The first
one is a Pattern Recognition Neural Network (PRNN) trained by Levenberg-
Marquardt and Scaled Conjugate Gradient algorithms. The second one is a fully
connected Feedforward Neural Network (FFNN) solved by Limited-memory
Broyden-Fletcher-Goldfarb-Shanno (L-BFGS) algorithm. In the second part, for
grading the bearing degradation, the Multiresolution Wavelet Analysis (MRWA) is
used as the preprocessing operation in both shallow and deep classification
applications. By employing the MRWA, the bearing fault-related part of the spectra is
filtered out to distinguish the bearing fault features with clarity and enhance the
performance of the proposed classifiers. In this section, new spectral features are
introduced instead of statistical features to run the classifiers. The proposed hybrid
structure can also be enumerated as a reliable method in terms of its novelty and
efficiency in aging classification applications. Since most of the classification
applications that have been developed recently were implemented to classify the
different faults in the IMs and the aging classification is not appropriately investigated
in the literature. Besides, using the L-BFGS algorithm as an optimization algorithm
for a deeper neural classifier and employing the spectral-based features as the inputs

of the network can also be a novel strategy for the aging classification purposes.



1.2 Literature Review

1.2.1 Aging problems of EMs and FD

Aging is a complex process involving unknown phenomena that can not be analyzed
and estimated properly. In order to investigate the lifetime of the IMs or assess their
aging levels, many researchers tried to concentrate specifically on the aging-related
subjects despite the limitations and problems associated with the aging process [7-9].
Besides, compared to electrical signals, mechanical signals such as vibration signals
will be the better indicators of aging since the vibration signals provide the aging
information related to both electrical and mechanical parts [10]. Indeed, the vibration
signal contains a stochastic nature due to the existence of some noises combined with
the frequency components in it. Because of this fact, analysis or detection of the aging

with these signals would be a challenging task.

Vibration signals can be generated due to the different mechanical faults in the IMs.
The bearing fault is actually the main contributor to the vibration oscillations and aging
process in an IM [11-13]. The bearing faults are prevalent and inevitable for EMs,
especially for IMs that have been dominating the industry in recent years [6]. Indeed,
between 40% and 50% of the faults that occur in the IMs are related to bearing defects.
Therefore, bearing faults have the highest rate of breakdowns in the IMs. There are
three types of mechanical defects in the IMs that can be classified as ball-bearing
faults. These defects are categorized as ball defects (cracking and wearing), inner

bearing race defects, and outer bearing race defects (wearing or corrosion) [2].

As it is mentioned before, the aging levels of an IM can be determined simply by
analysis of the vibration signal and monitoring the bearing health. Indeed, there are
two general approaches for the monitoring and age determination of the EMs. The first
method is to estimate the Remaining Useful Lifetime (RUL) of the system. This
method is very difficult to be implemented. Since so many datasets must be provided
and analyzed in this process. The second approach is to deduce a general class
determination broadly on the age of the system. This method can be preferable, and it

can also be managed by proper accelerated aging experimental data.

Thus, for the CM and FD of IMs, some useful signal-based techniques have been
developed to detect failures and prevent sudden breakdowns and probable damages in

the IMs. The Motor Current Signature Analysis (MCSA) is one of the most common



methods that use the Fast Fourier Transform (FFT) and Power Spectral Density (PSD)
of the signals to diagnose the faults in an IM [14]. The Short-Time Fourier Transform
(STFT) method is also used to analyze the signals in both time and frequency domains
[15]. However, the STFT method has some shortcomings, such as poor frequency
resolution due to the constant window size that it uses for all frequencies [16].
Therefore, in order to overcome these problems, the researchers started to replace the
STFT method with the Wavelet Transforms (WT) for CM and FD purposes [17,18].
There are also many studies in which the Discrete Wavelet Transform (DWT) was
preferred for the CM and FD goals [19,20]. Among all the presented classical methods,
Multiresolution Analysis (MRA) plays an essential role in the CM and bearing FD
process. MRA can be treated as a digital filter by its nature. Hence, the MRA can be
an appropriate way to detect bearing faults by using the vibration signals in different

frequency bands with different resolutions [21].

On the other hand, many novel CM and FD methods have emerged that outperform
the conventional signal-based methods. Indeed, one of the modern and precious
techniques for bearing fault classification purposes in the IMs is the application of
Artificial Neural Networks (ANNs) [22]. In the literature, various types of faults are
defined for the IMs that progress the aging [2,4]. In this regard, a classifier labeling
the condition broadly as a rate instead of detecting and naming the faults might be

more feasible and useful for CM purposes.

1.2.2 Neural Classifiers for CM and FD

It is important to note that different types of signals may be used to monitor the
condition of the IM, such as voltages [23], currents [24], vibrations, and temperatures
[25]. Nevertheless, vibration monitoring is the most informative CM technique since
it contains both mechanical and electrical fault indications. Hence, most applications

associated with bearing failure detection are based on vibration signals [26].

Fortunately, with the improvement of automated tools, conventional signal processing
methods have been replaced with soft computing techniques over time. ANNs are one
of the well-known methods of soft computing techniques that have been applicable for
FD of power systems in recent years. There are different types of vibration-based ANN
applications for the CM and fault identification of the IMs. Predominantly, these

differences are related to the type of features that can be extracted from the vibration



signals and the type of the developed NNs that will be availed as the classifiers. Some
researchers prefer to use only the statistical parameters for the fault classification
applications in the IMs, which are quite handy and prevalent [27,28]. On the other
hand, many FD-based studies are successful with the time-frequency-domain features
[28-30]. Nevertheless, in some studies, it is approved that the efficiency of the time-
domain statistical features extracted from the vibration signals is better than the time-
frequency-domain features used in fault classification applications [28]. Indeed, the
time-domain analysis represents the statistical characteristics of the vibration signal,
such as peak level, standard deviation, skewness, kurtosis, and crest factor. However,
a frequency-domain analysis is based on the different interpretations of the Fourier
transform, such as amplitude or power [31]. The vibration power and different fault
frequency amplitudes calculated with FFT-based methods are the parameters that have
been used frequently as the frequency-domain features in the literature [30,32].
Likewise, since the vibration signals are non-stationary signals, conventional signal
processing methods such as FFT-based methods are not suitable enough to manifest
the inherent information of the non-stationary signals [31]. Therefore, it is evident that
there is a limited number of studies using just spectral features for the FD aims in the

IMs.

Through the assessment of the hybrid classification applications, it can be deduced that
the combination of the wavelet-based methods and the ANNs has enhanced the
reliability of the bearing fault classifications in the IMs [33]. The wavelet-based
methods are very beneficial in terms of extracting the specific frequency bands in the
vibration signals. Indeed, wavelet transform is widely employed in the FD and CM of
IMs. However, for the bearing fault classification aims, a limited number of studies
investigate the efficiencies of the different types of classifiers that use the wavelet-

based features as their input parameters [30].

As mentioned before, the type of the ANN used as the classifier is the significant factor
that distinguishes the bearing fault classification applications from each other. Since
each type of NN represents a specific performance for the same vibration data set.
Many researchers have evaluated the performances of both shallow NNs and Deep
Neural Networks (DNNs) as the bearing FD applications in the IMs [34-37]. The
FFNN trained with the Backpropagation (BP) algorithm is principally used to detect
the bearing faults in the IMs [27-32,34,35].



There are many substantial advantages to the usage of DNNs instead of shallow NNs
in various applications. One of the important reasons that DNNs are preferred mostly
can be associated with the fact that their training algorithms are evolved in an
appropriate way to control the training process with a faster speed, better convergence,
and improved generalization. Applications of the deeper NNs for bearing FD purposes
in an IM have been presented as eligible and popular case studies recently. As an
example, the first application of a Convolutional Neural Network (CNN) for the
bearing FD aim in the IMs was implemented in 2016 [36]. During the next three years,
many researchers attempted to apply the same technique for the CM and fault
identification of the electric machines [38-52]. Therefore, many advances have
emerged in bearing FD techniques based on DNN algorithms. The Adaptive Deep
Convolutional Neural Network (ADCNN) [38] and the Deep Fully Convolutional
Neural Network (DFCNN) [43] are suitable examples of the advanced DNNs used for
the bearing fault classification aims. Other types of DNNs, such as auto-encoders, have
been employed numerously for the FD and CM of electric machines. In some studies,
the accuracy rates of the developed auto-encoder-based networks could successfully
reach 99.6% [53] and 99.83% [54]. Recurrent Neural Networks (RNNs) are also
applicable as DNNs for the classification of the bearing health conditions in electric
machines [55,56]. It is obvious that the scope of the studies assessing the performance
of the different types of DNNs for the classification of the bearing faults in an IM is

very vast.

However, for the bearing aging classification aim, there is not any reliable study
containing the L-BFGS-based classifier that is used both the MRWA and spectral-
based features as its input parameters. Indeed, the main reason for using a deep neural
classifier is the fact that the DNNs can operate as a shortcut to understanding the age

of the motor in terms of the bearing health condition.

1.3 Hypothesis

In this thesis, the significant contributions are focused on the efficiency and higher
reliability of the L-BFGS-based FFNN as a deep network compared to the PRNN.
Indeed, DNN might be a better solution for the NN-based bearing fault classification
applications. Furthermore, it is an undeniable fact that using the statistical parameters

is still a very handy way to label the motors in terms of their various aging or condition



levels. Owing to this fact, in most of the NN-based CM and FD applications, statistical
parameters or the combination of the statistical parameters and the frequency-domain
parameters are still utilized vastly. In this study, with the aim of improving the
robustness of the proposed shallow and deep NNs, two methods are also considered to
be executed simultaneously. The first one is to apply the MRWA to the acquired
vibration signals. Since, by applying the MRWA, a specific frequency band might be
used as a better indication for the bearing degradation. Besides, as the second
preprocessing step, new spectral-based features can be presented for band-specific NN
classification applications. In this way, the dimension of the inputs of the proposed

networks can also be reduced efficiently.






2. MATHEMATICAL BACKGROUND

In this section, all the mathematical methods used for the aging classification of the
IMs are explained. Primarily, the mathematical background of the ANN is discussed
in detail. Then, the Levenberg-Marquardt, the Scaled Conjugate Gradient, and the L-
BFGS algorithms are introduced as the optimization algorithms of the proposed
bearing aging classifiers. Eventually, the mathematical background of MRWA is also

represented with clarity.

2.1 Artificial Neural Networks (ANNs)

ANNSs can be defined as very functional tools acting very similarly to biological
neurons. In fact, ANNs consist of straightforward, distributed, and strong processing
units called artificial neurons, which can be used to emulate the behavior and the
functions of the biological neurons existing in the human brain. These simple elements
of an ANN are able to support intelligent data evaluation techniques, such as pattern
recognition, classification, and generalization [57]. Three significant concepts must be

defined before designing a simple ANN model are:
e Topology of the network
e Type of the training algorithm (learning procedure)
e Type of the activation functions

Among the different types of NNs, the multi-layered FFNN is the first and the simplest
one [58]. There are three layers of nodes in the structure of a multi-layered perceptron
network: an input layer, one or more hidden layers, and an output layer. Neurons
belonging to a layer have to be connected to neurons of a different layer [59]. Besides,
the information in this network flows from the input layer directly, through any hidden
layers, to the output layer without any cycle or feedback [58]. A three-layered FFNN
model is demonstrated in Figure 2.1. In the multi-layered perceptron NNs, each input
element, x; (i = 1,2, ...,n), is multiplied by an interconnection weight, w; j» and then

the weighted inputs are inserted into a sum function for each neuron. Afterward, by



the sum of a bias value, bj, and the weighted sum of the input data for each neuron,

the resultant P; can be calculated. The mathematical model of the resultant input, P,

for neuron j is presented in equation (2.1).

n
P = z w;jX; + b; (2.1
i=1

Afterward, a non-linear activation function, f, is applied to the resultant input, P;, in
the hidden layer. The mathematical model for the outputs of the network, Y, (o =

1,2, ..., k), is represented in equation (2.2).

Y, = z Vio f(P}) (2.2)
=1

J

where Vj, is defined as the interconnection weight of the nodes between the hidden

layer and the output layer.

Assigning the proper training algorithm is a significant issue that affects the success
of prediction in the NNs. Many training methods have been established to optimize
the learning procedure of the ANNs. The most prevalent technique is the BP algorithm
which adjusts the weights and biases by using a backward pass after each forward pass
through the network. Indeed, in the BP algorithm, the difference between output and
the actual value is computed as the error. Afterward, the resultant error is fed back
towards the input layer through the network. By using the produced information, the
algorithm adjusts the weights of each connection repeatedly to minimize the error
function [60]. Levenberg—Marquardt, Bayesian Regulation, and Scaled Conjugate
Gradient are some of the useful BP-based training algorithms used for ANN
applications. After completing the training process, the NN is usually tested with the

new data sets.

In the first part of the study, both Levenberg—Marquardt and Scaled Conjugate
Gradient BP algorithms are examined as the optimization algorithms of the developed
PRNN, which analyzes the statistical features. Besides, the L-BFGS-based FFNN is
also developed for the classification of the statistical-based inputs. However, In the
second part of the study, a comparison-based work is represented just for the FFNN

trained with the Levenberg—Marquardt algorithm and the deep FFNN trained with the
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L-BFGS algorithm. Further information regarding the topologies of the developed

ANNEs is presented in detail in Sections 4 and 5, respectively.

Input layer Hidden layer Output layer

Py

Figure 2.1: A three-layered FFNN architecture.
2.1.1 PRNN trained by Levenberg-Marquardt and Scaled Conjugate Gradient

The PRNN is a type of FFNN developed to be applicable for shallow NN-based
classification demands. In the PRNNSs, the target values are defined just by vectors of
zero values and a 1, which represents the desired specific class. The Levenberg-
Marquardt and the Scaled Conjugate Gradient algorithms are usually availed as the

training functions in the PRNN.

The Levenberg-Marquardt algorithm [61] contains two significant attributes affecting
the performance of the NNs in terms of their speed and convergence. Indeed, The
Levenberg-Marquardt algorithm operates as a hybrid method in which the useful
features of the steepest descent method and the Gauss-Newton algorithm are
combined. In other words, the Levenberg-Marquardt algorithm benefits from the high
speed of the Gauss-Newton algorithm and the stable convergence of the steepest
descent method. The Levenberg-Marquardt algorithm is created to solve the problem
regarding the minimization of the performance functions, which comprise the sum of
the squared errors [62]. This algorithm solves the minimization problem by using a

Jacobian matrix, J, for the approximation of the Hessian matrix, H, which is defined
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in equation (2.3). Therefore, the second-order training speed can be obtained without

any difficulties in calculating the Hessian matrix.

H=]"] (2.3)

In the Levenberg-Marquardt algorithm, the Jacobian matrix is also determined as the
first derivative of the network errors with respect to the weights and biases. Indeed,
the computational complexity can be reduced by utilizing the Jacobian matrix instead
of the Hessian matrix. Because for the calculation of the Jacobian matrix, a technique
based on the standard BP algorithm is used [61]. Moreover, the calculation of the

gradient, g, can also be performed according to equation (2.4),

g=]J'e (2.4)

where e is defined as a vector of errors for the network.

The update formula used in the Levenberg-Marquardt algorithm is very similar to
Newton’s update formula. Equation (2.5) represents the update formula of the

Levenberg-Marquardt algorithm containing the approximation of the Hessian matrix,
Wierr = wy — T +ul]l™Te (2.5)

where w4 is the weight update at time k + 1 and wy, is the weight update at current
time k. If the scalar p is equal to zero, the formula operates as Newton’s method in
which the approximated Hessian matrix is availed. By using an increased value of p,
the formula operates as the gradient descent method with a small step size. It is
preferred to use the decreased value of u to reach a higher speed and better accuracy,

which occurs near the error minimum in Newton’s method.

The Scaled Conjugate Gradient algorithm [63] is also designed to operate as an
automated supervised optimization algorithm without having to do the line search in
each learning iteration and depending on the parameters which are selected by the user.
Indeed, the line search in each iteration is enumerated as a time-consuming process
that can be eliminated by such an automated algorithm. On the other hand, choosing
the best value for the user-dependent parameters in the optimization algorithms is a
challenging step affecting the efficiencies of the networks. As an example, the learning

rate is a user-dependent parameter that affects the performance of the standard BP
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algorithm. Indeed, the learning rate assigns the value of the step size at each iteration
in an optimization algorithm intending to reach the minimum of the loss function. In
order to find an optimum value for the step size, the line search per learning iteration
is also implemented in other optimization algorithms such as Broyden-Fletcher-
Goldfarb-Shanno (BFGS) algorithm. Somehow the Scaled Conjugate Gradient
algorithm omits these difficulties by estimating the step size using a different
technique. Basically, the Scaled Conjugate Gradient algorithm is the improved version
of the Conjugate Gradient algorithm combined with the Levenberg-Marquardt
approach to omit the line search process in each iteration and scale the step size. In
order to summarize the mathematical background of the Scaled Conjugate Gradient
algorithm, a new mathematical representation for the second-order term, $; =
E" (W} )Py, is introduced in equation (2.6) primarily.

5 = E'(Wy + oy Di) — E' (W)
. =

A + APk (2.6)

where 4, is an adjustable scalar parameter that is regulated according to the sign of &y,
in each iteration. P, is denoted as the search direction vector, and Wy, is the weight
vector at iteration k. Moreover, in the Scaled Conjugate Gradient algorithm, E (W, )
and E' (W) are defined as the global error function and the gradient of error at iteration
k, respectively. The value of g, can also be calculated according to the formula

represented in equation (2.7), where the initial condition is also setas 0 < o < 107,

o
Or =77
Bl (2.7)

Equation (2.8) indicates the scaled step size formula developed in the Scaled

Conjugate Gradient algorithm.

o e —P E' (W)
k=% =T ~
Sk Dy Sk + Alpil?

(2.8)

A can also be updated as A, according to the formula demonstrated in equation (2.9).

Ok

j—k = 2(/1]( - Iﬁklz) (2.9)
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If A > 0.75 , then Ay = Ay

IfAk< 0.25 , then /1]( = Ak + 6k|(;_|2k)'
k

where Ay, is defined as a comparison parameter which is formulated in equation (2.10).

o 28E@) — E@ + )]

k o (2.10)

The initial values of A, and A, are assigned to be as 0 < A; < 107® and 1, = 0,

respectively.

2.1.2 FFNN trained by L-BFGS

In this thesis, a fully connected multi-layered FFNN training with the L-BFGS
algorithm is developed as a classification model. Since the L-BFGS algorithm requires
less memory than the other large-scale optimization algorithms, it has been listed as a
suitable algorithm for many DNN applications recently. Indeed, in the L-BFGS
algorithm, the approximated inverse Hessian of the objective function f(x) is
constructed by using the history of gradient evaluations. Moreover, to train a DNN by
the L-BFGS algorithm, the internal parameters of the DNN must be tuned by the L-
BFGS algorithm. In this way, the energy of the error signal between the training data
set and the output of the DNN is minimized efficiently. The L-BFGS algorithm was
introduced for the first time in 1980 [64]. The L-BFGS algorithm is very similar to the
BFGS algorithm. However, there is a significant difference between these two
algorithms in the methods they have to use to update the Hessian matrix. In other
words, a full history of the differences of the gradients over several iterations will be
availed to approximate the Hessian matrix by the BFGS algorithm, while the L-BFGS
algorithm is based only on the most recent m gradients. Obviously, the storage
requirement corresponding to m gradients is much smaller than the storage required

for the full history of the gradients.

The L-BFGS algorithm can be categorized as an optimization algorithm in the family
of quasi-Newton methods [65]. The L-BFGS algorithm approximates the Hessian
matrix (second derivative) of f(x) by using a reduced amount of memory. Indeed,
unlike the BFGS algorithm, the L-BFGS avails a small amount of the updates (m) of
the position x and gradient Vf (x), and it does not operate with the knowledge of the
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sparsity structure of the Hessian. In other words, in the L-BFGS algorithm, after
selecting the m corrections of the BFGS algorithm by the user, the initial approximate
of the inverse Hessian matrix Hy, is selected to start the estimation process at iteration
k. The L-BFGS algorithm works the same as the BFGS algorithm during the first m
iterations. However, for k > m, the approximation process of the inverse Hessian
matrix is different in the L-BFGS algorithm. Indeed, for k > m, the information of the
m updates of the BFGS algorithm is applied to the Hy, and then the updated value of
H,, will be acquired efficiently.

Therefore, it can be an appropriate method for optimization applications containing
high-dimensional minimization problems. Moreover, their linear memory requirement
corroborates their simplicity and high speed in computational operations. In the L-
BFGS algorithm, the differentiable scalar function f(x) can be minimized over

unconstrained values of the real-vector x efficiently.

In order to describe the L-BFGS algorithm in a superior way, it is required to introduce
the mathematical notations of the proposed method. In the first step, the algorithm
needs an initial estimate of the optimal value, x,, to be improved by using a sequence
of better estimates, such as x4, x,, ..., iteratively. On the other hand, the gradient of the
function that is going to be minimized can be defined as g, = Vf(x). Indeed, by using
the gradient of the function, the direction of the steepest descent is determined, and
also the approximation of the Hessian matrix can be acquired effectively. Let dj, be
the approximate Newton’s direction and Hj, be the inverse of the Hessian matrix, and
then g, is the current gradient. As seen in equation (2.11), by multiplication of the Hj,
and gy, the approximate Newton’s direction is computed implicitly. Actually, there is
a significant difference between the L-BFGS algorithm and other quasi-Newton’s

algorithms in performing the mentioned matrix-vector multiplication.

de = —Hygi (2.11)

In order to construct the direction vector, a prevalent approach that is known as the
“two-loop recursion” is availed in the L-BFGS algorithm. Indeed, this technique is

performed by using the history of the updates [64].
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Primarily, we define s, = x;,1 — xx and y, = gr+1 — gx Where xj, is assumed to be
the position at the k;;, iteration. In addition, it is assumed that the last m updates of the

form s, = X417 — X, and Y, = gr+1 — gx are stored properly.

For computing the inverse Hessian matrix, the proposed algorithm uses the BFGS-

based update formula, which is demonstrated in product form in equation (2.12),

Hier = (I = pesiyi) Hi( = pryies) + picSicSikc (2.12)

where p;, = y;flsk and y{ s, > 0 for all values of k.

The HJ is also defined as the initial approximate of the inverse Hessian that the
estimation at iteration k begins with. In order to have a numerically appropriate
estimation for Hy, it is preferred to select a positive definite and diagonal matrix or a
multiple of the identity matrix as the initial approximate of the inverse Hessian matrix.
Indeed, according to equations (2.13) and (2.14), Hy can be scaled in a reliable way to

ensure that the unit step length is accepted in most iterations.

Vi = 51?—13’k—1 513
¢ y;—lyk—l (2.13)
HY =yl (2.14)

Furthermore, the validity of the curvature condition and the stability of the BFGS
updating can be confirmed by using the Wolfe line search. It is required to select a
proper step length to satisfy the Wolfe conditions [66,67] that are introduced in
equations (2.15) and (2.16). Indeed, equation 8 and equation 9 are known as Armijo

rule and curvature condition, respectively.
f Qe + ardy) < f(x) + B aedi gi (2.15)

dig(xi + aiedy) = Bdi gy (2.16)

In point of fact, we choose xy, m, 0 < ' < %, B’ < B <1, and a symmetric and

positive definite initial Hessian matrix HY at the first step of the L-BFGS algorithm.

Nocedal, J. [64] has also determined the proper example values of ' and 8 for the
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quasi-Newton methods. In the proposed research work, 8’ and S are selected to be

equal to 10~* and 0.9, respectively [64].

Likewise, a recursive formula has been assigned for computing the multiplication of
the inverse Hessian and the gradient of the objective function [64]. In the proposed
formula, primarily for a fixed k, we define a sequence of vectors qi_m, ..., qx as g =
gr and q; = (I — p;V;S! )qi+1. Then a recursive algorithm for calculating q; from q;,,
is to define a; = p;s! qi+1 and q; = q;+1 — a;y;. We also define another sequence of
vectors dy_m, ---, di as d; = H;q;. There is another recursive algorithm for calculating
these vectors which is to define dy_,, = HP Q. and then recursively define 5; =
pyid; and d;; = d; + (a; — B;)s;. The value of dj is then the ascent direction.
Therefore, the descent direction can be ascertained according to the algorithm
demonstrated in Figure 2.2. It is important to note that by using the formula which was
introduced in equation (2.11), the search direction can be determined for the

minimization process precisely.

ALGORITHM:

" q=9k
Fori=k—-1,k—-2,...k—m
o a,=p,s,’q

o Tq=q_al}'i
s —
RO S
* Hy=vyl
* d=Hpgq
» Fori=k-mk—-m+1,.. k-1
o Bi=pyid
o d=d+si(a;—B)
« d=-d

Figure 2.2: The recursive method for computing the descent direction in L-BFGS
algorithm.

2.2 Multi Resolution Wavelet Analysis (MRWA)

The MRWA, which is based on the DWT, was first presented by S. G. Mallat [68].
The MRWA is a prominent tool for decomposing the signals into different levels of
resolution. In other words, the coarse resolution and the finer resolution of the signal
exhibit the information about the higher-frequency components and lower-frequency

components of the signal, respectively. In order to create a series of high and low pass
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filters that divide the spectrum into two parts, a scaling function or low-pass filter (LP)
and a wavelet function or high-pass filter (HP) are assigned in the Multiresolution
Wavelet Transform (MRWT) formula. This type of filtering is implemented iteratively

for each level of decomposition and reconstruction.

Indeed, the whole process of MRWA consists of two general steps. The first step
belongs to the decomposition of the signal and the second step is for the reconstruction
process [69]. In order to understand the concept of the MRWA, it is necessary to
introduce the mathematical expression of the WT primarily. WTs are used for the time-
frequency analysis of a signal generally [70]. Indeed, the sum of multiplications of the
original signal with the scaled and shifted wavelets constitutes the WT. In equation
(2.17), the mathematical definition of the Continuous Wavelet Transform (CWT) for

a signal x(t) is demonstrated explicitly [69].

1 _t—b
W(a,t) = \/—afx(t)rp (—dt (2.17)

In equation (2.17), function ¢ is defined as the mother wavelet. The mother wavelet is
a kernel function having a special waveform with finite energy and defined in a finite
interval. It is important to note that the selection of the mother wavelet function should
be accomplished by considering the signal to be observed. Moreover, in equation
(2.17), a and b are defined as continuous scaling and shifting parameters, respectively.
These parameters can be discretized to form the DWT of a signal [69,70]. The DWT
helps us to represent the signal by the approximation coefficients and detail
coefficients indicating the low-frequency and high-frequency components,
respectively [19]. The mathematical definition of the DWT for a signal x[n] is

ascertained in equation (2.18).

. k —nbya,
DWTIj, k] = \/_Zx[n lTl (2.18)

where scaling coefficient a = a,’ and shifting coefficient b = nbya,’. In addition, it

is important to mention thatn,j € Z, ay > 1, and by, > 0.

In MRWA, for each level of decomposition, a LP filter H and a HP filter G are applied
to the signal, and then the downsampling by two is executed on the outputs of the

wavelet filters. Afterward, the inverse transform is availed for the reconstruction
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process. In this step, before applying the inverse low-pass filter A and the inverse high-
pass filter G, an upsampling by two is performed for each level of reconstruction. As
an example, Figure 2.3 demonstrates the one-level decomposition and reconstruction
process of the MRWA. In order to prevent information redundancy, decimators and

interpolators are used in the up or downsampling process [71].

’ Reconstructed x[n] ‘

€} @@

Decimators Interpolators

Decomposition Reconstruction

Figure 2.3 : Schematic interpretation of the decomposition and reconstruction
process of a one-level MRWA.

In order to attain a higher resolution or reach a specific frequency region of the signal,
more than one level of decomposition can be specified for the MRWA. According to
Figure 2.4, in which the structure of the n-level MRWA is illustrated, the outputs of
the high and low-frequency filters are defined as details D,, and approximations 4,
respectively. Eventually, the signal can be reconstructed by the sum of the n,
approximation coefficient and all the acquired details from each level. Equation (2.19)

represents the reconstruction formula for the signal x(t) [69].

xt)=D;+D,+D;+--+D, + A, (2.19)
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Figure 2.4 : n-level MRWA scheme.
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3. EXPERIMENTAL SETUP

Since the vibration data is the best choice for the bearing aging analysis or the bearing
FD applications [69], in this study, an experimental setup based on the accelerated
aging process is benefited to achieve the vibration signals of an IM. To collect the
experimental vibration data, a 5 HP, three-phase and four poles IM is subjected to
Electrical Discharge Machining (EDM), thermal aging, and chemical aging processes
to realize artificial aging. More information regarding EDM and the Thermal-
Chemical Aging processes has been noted in detail in the Ph.D. thesis of Dr. D. Bayram
[72].

After executing the EDM process on the motor, the chemical and thermal aging
operations were applied to the motor repeatedly, and it was implemented several times
to obtain the aged condition. As a result, seven aging cycles are obtained while the
aged condition exhibiting the defined vibration thresholds is met. In addition, an initial
cycle collected from the healthy motor is also considered to be the first cycle of the
dataset. Thus, the acquired dataset consists of eight vibration signals overall. In this

study, the other collected electrical and mechanical signals are not used.

In the executed accelerated aging experiment, the accelerometers are located in six
different locations on the motor, and only the vibration data collected from one sensor
is used eventually. Furthermore, In this experiment, the nominal speed of the IM is
1742 rotation per minute (RPM) with a 60 Hz supply frequency. The data acquisition
system consists of a patch panel and a NI SCXI as the signal conditioning interface.
NI SCXI-1142 8-channel elliptic low-pass filter module is also used for the
conditioning of the vibration signals. In order to prevent high-frequency noise
interference, an anti-aliasing filter with a 4 kHz cut-off frequency is employed.
Moreover, the vibration data is collected at the 12 kHz sampling frequency and

recorded for 10 seconds.

Some of the basic statistical parameters of the healthy cycle and the aged cycles are
demonstrated in Table 3.1. The statistical features of each cycle are expected to change

with gradually growing aging. Indeed, as seen in Table 3.1, by increasing the bearing
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aging level, the maximum value, the standard deviation, and the variance of the

recorded signal for each cycle are increased accordingly.

Table 3.1 : Statistical features of all aging cycles.

Aging Cycles Mean Max Standard Deviation Variance
Cycle #1 (initial) ~ 0.0016  0.6009 0.1135 0.0129
Cycle #2 0.0014  0.7988 0.1553 0.0241
Cycle #3 0.0012  0.9991 0.2082 0.0433
Cycle #4 0.0013  1.1970 0.2894 0.0837
Cycle #5 0.0009  1.3240 0.3275 0.1073
Cycle #6 0.0010  1.5658 0.3548 0.1259
Cycle #7 0.0005  1.8516 0.4147 0.1720
Cycle #8 0.0030  2.6113 0.6040 0.3648

Furthermore, to share the differences between each aged cycle in both time and
frequency domains, the time and frequency-domain representations of the eight
recorded cycles are illustrated in Figure 3.1. Since the PSD is an appropriate tool for
analyzing the vibration signals, the PSDs of all cycles are demonstrated as the
frequency-domain representation of the acquired signals. The frequency components
for the aged cases are amplified intensely between 2 kHz and 4 kHz, compared to the
healthier vibration signals. Supportingly, it is indicated that the bearing aging reveals
itself on 2-4 kHz in the literature [73]. Also, as expected, the vibration amplitude
increases noticeably with aging regarding the time-domain analysis. These results
seem to be consistent and meaningful for both time and frequency domain

characteristics.

22



g Vibration signal - Cycle #1(Initial case) N PSD of cycle #1(Initial case)
3 ﬁ; ) r < 200
£ 2100
5 2 N
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Timel[s] Frequency[Hz]
=) Vibration signal - Cycle #2 ) PSD of cycle #2
% 1 - : L 200
20 ‘@100
Q 1 . . . . 8 0 betl
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Time][s] Frequency[Hz]
2 Vibration signal - Cycle #3 w PSD of cycle #3
T 0. " o A NE
E 8 5, 100
g 03 ‘ . . , (=R R
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Time([s] Frequency[Hz]
) Vibration signal - Cycle #4 i~y PSD of cycle #4
% 1 - T " E 500
20 @
Q 4 h H 1 8 0 | il m
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Time([s] Frequency[Hz]
=) Vibration signal - Cycle #5 N PSD of cycle #5
g2 - L 200
20 ‘@100
S, S U e
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Timel[s] Frequency[Hz]
=) Vibration signal - Cycle #6 N PSD of cycle #6
g2 : ‘ , I 1000
a ' [a)
-2 : : : : @ 0 : : : :
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Timel[s] Frequency[Hz]
g Vibration signal - Cycle #7 N PSD of cycle #7
S 4 » - < s00
29 ke
Q:} 8 0 | n 1 A " N
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Timel[s] Frequency[Hz]
= Vibration signal - Cycle #8 N PSD of cycle #8
3 2 an T 500
=1 N
= 0 k=)
Q.2 ) 8 0 I Il bl . .
E 0 2 4 6 8 10 o 0 1000 2000 3000 4000 5000 6000
Timel[s] Frequency[Hz]

Figure 3.1 : Representation of the recorded vibration signals in both time and
frequency domains.
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4. NEURAL CLASSIFIERS RATING THE OVERALL CONDITION OF AN
ELECTRIC MOTOR

In this section, a PRNN trained with both Levenberg-Marquardt and Scaled Conjugate
Gradient algorithms and a Multi-layer FFNN trained with the L-BFGS algorithm are
represented to classify the overall condition of an IM, respectively. Both approaches
are executed under the same conditions in terms of the type and size of the vibration
data sets, the number of splits for each aging cycle, and the feature extraction
processes. Besides, in this section, all the NN applications are accomplished by using

just 75% of the experimental vibration data.

The major challenge for the training of the proposed ANNSs is the selection of suitable
features as the input parameters of the network, which may complicate the network
structure. It is necessary to select the correct features to increase the performance of

the network and reduce the network input dimensions and training time [74].

One of the most popular techniques for extracting the specific features is to calculate
the statistical parameters of each data set. There are many research works in which the
most efficient time-domain statistical parameters are determined as the inputs of the

ANN for CM and FD purposes in IMs [27,28,31].

In this section, nine statistical features are calculated as the input parameters of the
proposed ANNSs. Indeed, both shallow and deep classifiers are driven by the time-
domain statistical features. Mean value, maximum value, kurtosis, skewness, variance,
standard deviation, Root Mean Squared (RMS) value, peak-to-peak amplitude, and
crest factor are the nine statistical features that have been calculated for each data set.
Furthermore, it is crucial to notice that there are eight experimental vibration signals
representing the eight conditions of the motor in the data set, and each aging cycle is

divided into 40 splits before the feature extraction process.

Table 4.1 indicates the mathematical representation of the employed statistical
features. In Table 4.1, x; is defined as the data samples and N is the total number of

samples for each data set.
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Table 4.1 : Mathematical representation of the statistical parameters.

Statistical Parameters Equations
N
Mean value X = lz X;
N l
i=1
Maximum value Xmax = Max {x;}
N _ T4
Kurtosis 7 = i=1(x; — X) 9 1
N (62)2
N =3
= (x; —x 1
Skewness X = 21_1(1\} ) X 5
(6%)2
Variance

Standard deviation

Root mean squared

(RMS) value

Peak-tg-peak Xpeak—to—peak — max{xi} — min {xi}
amplitude

Crest factor C= P

meS

4.1 Pattern Recognition Neural Network (PRNN) to Rate the Condition of an
Electric Motor

A PRNN model is developed on MATLAB software to classify the eight different
aging levels representing the health conditions of an IM. After extracting the nine
statistical features as the inputs of the proposed network, the data in the matrix of the
features are normalized between -1 and 1 by using the Mapminmax function, which
is provided in the MATLAB Toolbox. Afterward, the matrix of the normalized data is
divided into training, validation, and testing subsets with the ratio of 70%, 15%, and

15%, respectively. The proposed PRNN is trained with the BP algorithm and
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comprises one hidden layer. Levenberg-Marquardt and Scaled Conjugate Gradient
optimization algorithms are applied to the proposed network to be assessed separately.
Besides, for both types of training methods, two different transfer functions are
employed in the hidden layer. The logistic-sigmoid and the tangent-sigmoid are the
two activation functions that are selected to quantify the outputs of the hidden layer.
The mathematical representations of the logistic-sigmoid and the tangent-sigmoid
activation functions are shown in equation (4.1) and equation (4.2), respectively. This
application is implemented directly on the acquired experimental vibration data
without performing any preprocessing operation. Ultimately, the designed network can
be tested with a new data set after executing the training process, and the eight aging

levels of the IM can also be classified with relatively high accuracy rates.

f) =17.= 4.1
2
flx) = T+ 2 1 4.2)

In this section, the aim is mainly to evaluate the reliability and performance of the
proposed classifiers in rating the overall aging conditions of an IM. For this aim,
accuracy rate, Recall, Precision, and F1-score are employed as the significant metrics
for the performance evaluation in the proposed multi-class classification applications.
Accuracy rate can be defined as the proportion of the total number of correctly
estimated samples to the total number of samples availed in the classification. Before
introducing the other performance evaluation metrics, four metrics used in a confusion

matrix are defined primarily as below:

e True Positive (TP) refers to the number of predictions where the classifier

correctly predicts the positive class as positive.

e True Negative (TN) refers to the number of predictions where the classifier

correctly predicts the negative class as negative.

e False Positive (FP) refers to the number of predictions where the classifier

incorrectly predicts the negative class as positive.

e False Negative (FN) refers to the number of predictions where the classifier

incorrectly predicts the positive class as negative.
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The Sensitivity or Recall is known as the True Positive Rate (TPR) and determines
what fraction of all actual positive samples are correctly predicted as positive by the
classifier. Precision assigns what fraction of predictions as a positive class are actually
positive. Besides, F1-score is defined as the harmonic mean of Recall and Precision.
The mathematical representations of Recall, Precision, and F1-score are represented

in equation (4.3), equation (4.4), and equation (4.5), respectively.

Recall = —
R (4.3)
procicion — TP
recision = TP n FP (44)

1 ) Precision X Recall
- — X
- Precision + Recall (4.5)

In this study, Recall, Precision, and F1l-score values are calculated for each class
primarily. Afterward, a total value for each metric in each classifier is also computed.
The total Recall value is computed as the sum of TP values across all classes divided
by the sum of TP values and FN values across all classes. The total Precision in multi-
class classification application is computed by the sum of TP values across all classes

divided by the sum of TP values and FP values across all classes.

Besides, the training, validation, testing, and total accuracy rates of the proposed
PRNN trained with the Levenberg-Marquardt and the Scaled Conjugate Gradient
algorithms are also shown in Table 4.2. It must be noted that the Levenberg-Marquardt
and the Scaled Conjugate Gradient algorithms are represented as trainlm and
trainscg functions on MATLAB, respectively. By comparing the estimated output
results determined in Table 4.2, the PRNN driven by the nine hidden neurons provided
the maximum total accuracy rate, which is 99.2%. Indeed, this network is trained with
the Levenberg-Marquardt BP algorithm and contains one tangent-sigmoid transfer
function in the hidden layer. The testing accuracy rate of the proposed network, which
resulted in the maximum total accuracy rate, is also 97.2%. The accuracy rates and the

structure of the proposed neural classifier are written bold in Table 4.2.

On the other hand, it is seen that two structures of the developed PRNN produce the
maximum testing accuracy rate, which is 100%. The first network is designed with the

Levenberg-Marquardt algorithm, nine hidden neurons, and the logistic-sigmoid
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activation function, and the second network is trained with the Scaled Conjugate
Gradient algorithm, nine hidden neurons, and the logistic-sigmoid activation function.
The testing accuracy rates of these networks seem to be better than the network in
which the testing accuracy rate is 97.2%. However, this value as the testing accuracy
rate might not be credible enough in the PRNN applications since it is an ideal value
as the testing accuracy rate. Moreover, there are some limitations in terms of the size
and type of the experimental vibration data availed in this study. Indeed, the recorded
experimental vibration data comprises a pretty small size. Therefore, it is expected to
result in an ideal testing accuracy rate by some structures. In addition, it seems that the
level of noise that exists in the provided vibration data is very low. It means that the
data sets might contain very clear signals, which makes the training process very easy
for the proposed network. Thereby, it is more reliable to not choose the network
structures with the ideal testing accuracy rates as the optimum classifiers in the PRNN

applications.

In addition, there is another network designed with the Levenberg-Marquardt
algorithm, four hidden neurons, and the logistic-sigmoid activation function, for which
the testing and total accuracy rates are calculated as 94.44% and 98.3%, respectively.
The proposed network seems to be also a reliable network [75]. However, the training
accuracy rate of the proposed network is also 100%, which might represent the
possibility of overfitting in this structure. Furthermore, the network trained with nine
hidden neurons and tangent-sigmoid activation function outperforms the structure

conducted with four hidden neurons and logistic-sigmoid activation function.

Table 4.2 : Table of the accuracy rates for the PRNN trained with the Levenberg-
Marquardt and the Scaled Conjugate Gradient algorithms.

Network Number Training Transfer Accuracy Rates (%)
Number of Function Function
Hidden ) of Training Validation Testing Total
Neurons Hidden
Layer

#1 10 trainlm  log-sig 98.2 94.4 972 975
#2 9 trainlm  log-sig 98.8 94.4 100 98.3
#3 8 trainlm  log-sig 99.4 100 86.1 97.5
#4 7 trainlm  log-sig 97.6 80.6 944  94.6
#5 6 trainlm  log-sig 99.4 91.7 972 979
#6 5 trainlm  log-sig 100 94.4 944 983
#7 4 trainlm  log-sig 100 94.4 94.4  98.3
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Table 4.2 (continued) : Table of the accuracy rates for the PRNN trained with the
Levenberg-Marquardt and the Scaled Conjugate Gradient algorithms.

Network Number Training Transfer Accuracy Rates (%)
Number of Function Function
Hidden of Training Validation Testing Total
Neurons Hidden
Layer

#8 3 trainlm  log-sig 93.5 86.1 91.7  92.1
#9 10 trainlm  tan-sig 97.6 97.2 91.7  96.7
#10 9 trainlm  tan-sig 100 97.2 97.2  99.2
#11 8 trainlm  tan-sig 100 100 88.9 983
#12 7 trainlm  tan-sig 100 83.3 91.7 963
#13 6 trainlm  tan-sig 97.6 97.2 944  97.1
#14 5 trainlm  tan-sig 100 91.7 972 983
#15 4 trainlm  tan-sig 97.6 94.4 91.7 963
#16 3 trainlm  tan-sig 98.8 88.9 972  97.1
#17 10 trainscg  log-sig 94 91.7 944 938
#18 9 trainscg  log-sig 98.8 94.4 100 98.3
#19 8 trainscg  log-sig 98.8 100 91.7 979
#20 7 trainscg  log-sig 97.6 91.7 944 963
#21 6 trainscg  log-sig 96.4 94.4 972 963
#22 5 trainscg  log-sig 84.5 72.2 75 81.3
#23 4 trainscg  log-sig 96.4 91.7 91.7 95
#24 3 trainscg  log-sig 69 72.2 80.16 713
#25 10 trainscg  tan-sig 97.6 94.4 944  96.7
#26 9 trainscg  tan-sig 97.6 97.2 972 975
#27 8 trainscg  tan-sig 97 100 88.9 963
#28 7 trainscg  tan-sig 97 100 972 975
#29 6 trainscg  tan-sig 97 94.4 944 963
#30 5 trainscg  tan-sig 82.7 75 77.8  80.8
#31 4 trainscg  tan-sig 96.4 94.4 91.7 954
#32 3 trainscg  tan-sig 96.4 91.7 972  95.8

In order to compare the reliability of the proposed networks containing the high
accuracy rates, the performance plots of the four aforementioned networks are
illustrated in Figure 4.1. As seen in Figure 4.1, it can be perceived that the PRNN,
which is designed with nine hidden neurons, a Levenberg-Marquardt algorithm, and a
tangent-sigmoid activation function, has eventuated to the best Mean Squared Error
(MSE) value for the validation and training processes. Moreover, it is also
demonstrated that in this network, the validation loss decreases until the end of the
training process, and the network is not stopped due to the increment of the validation
loss. However, in the other structures, the training process ends early when the
validation loss reaches the minimum value or exceeds the minimum value. Owing to

these facts, compared to the other network designs, the PRNN trained with the nine
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hidden neurons (given in Figure 4.1 (a)),

Levenberg-Marquardt algorithm, and

tangent-sigmoid activation function can be verified as the most reliable network

structure for the age classification of an IM.
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Best Validation Performance is 0.0071893 at epoch 24
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Best Validation Performance is 0.010813 at epoch 12
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Best Validation Performance is 0.01032 at epoch 31
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Figure 4.1 : Performance representations of the four different structures of the
PRNN defined as network: (a) #10, (b) #2, (c) #18, and (d) #7.

In this section, the output performance of the optimum classifier is also analyzed by

the confusion matrix, Receiver Operating Characteristic (ROC), and the error

histogram plots. A confusion matrix is a significant performance measurement for

classification applications. In this study, the confusion matrix of the optimum classifier

for training, validation, testing, and all samples of the experimental vibration data is

calculated separately to ensure the consistency of the accuracy rates. The confusion

matrix plots of the optimum classifier are illustrated in Figure 4.2. According to these

plots, the confusion matrices indicate the approval of the accuracy rates of the optimum

network for the aging classification problem. Indeed, it is ascertained that there is one

misclassified sample in the validation and testing confusion matrices. Therefore, the
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confusion matrix for all samples of the experimental data determines two incorrect

estimated samples, which certifies the value of the total accuracy rate as 99.2%.
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Figure 4.2 : Confusion matrix of the training, validation, testing, and all samples of
the vibration data for the network #10 in the PRNN application.

Recall, Precision, and F1-score metrics for each class of the testing process of network
#10 are calculated in Table 4.3. as seen in Table 4.3, the Recall value for class 5 and
the Precision value for class 6 are 0.8 and 0.75, respectively. Recall, Precision, and F1-
score metrics for other classes are calculated as one, which represents a classifier with
a perfect performance in classifying the associated classes. These calculations approve
that there is just one misclassified sample in the testing confusion matrix, which
actually belongs to class 5 but is predicted as class 6. Besides, the calculated F1-score

metric for class 5 and class 6 are 0.88 and 0.85, respectively. Indeed, the total values
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of Recall, Precision, and F1-score are also calculated as 0.972, which certifies the

correctness of the testing accuracy rate of network #10.

Table 4.3 : Recall, Precision, and F1-score metrics for the testing process of the
network #10 in the PRNN application.

Number of classes Recall Precision F1-score
Class 1 1 1 1
Class 2 1 1 1
Class 3 1 1 1
Class 4 1 1 1
Class 5 0.8 1 0.88
Class 6 1 0.75 0.85
Class 7 1 1 1
Class 8 1 1 1

Total 0.972 0.972 0.972

The ROC curves are the other performance assessment tools for classification
purposes. The ROC curves calculate the TPR and the False Positive Rate (FPR) with
different values of thresholds for the model. A perfect classifier is expected to have a
TPR = 1 and an FPR = 0. Figure 4.3 represents the ROC curves of the training,
validation, testing, and all samples of the experimental vibration data for the classifier
designed with the Levenberg-Marquardt algorithm, nine hidden neurons, and tangent-
sigmoid activation function. As seen in Figure 4.3, the training ROC curves for all
classes show the perfect values of TPR and FPR. However, the ROC curves of class 6
and class 7 and the ROC curves of class 5 and class 6 are pulled down in the validation
and testing processes, respectively. Nevertheless, for the classification of all samples
of the experimental data, acceptable values of TPR and FPR are acquired, and the ROC
curves approach the left and top edges of the plot, which proves that the classifier is

still operating very well.
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Figure 4.3 : ROC plots of the training, validation, testing, and all samples of the
vibration data for the network #10 in the PRNN application.

The error histograms are also suitable indicators for performance evaluation in
classification applications. Indeed, the error values of the training, validation and
testing processes are determined clearly by using the error histogram plots. The error
histograms of the PRNN designed with the Levenberg-Marquardt algorithm, nine
hidden neurons, and tangent-sigmoid activation function are also given in Figure 4.4.
According to the error histograms, the error value that corresponds to most samples of
the data is -0.05. Besides, the total calculated error value of the optimum network is a

very small value indicating the high performance of the developed PRNN.
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Figure 4.4 : Training, validation, and testing error histogram plots for the network
#10 in the PRNN application.

4.2 Multi-Layered FFNN Trained by L-BFGS to Rate the Condition of an
Electric Motor

In this section, a fully connected multi-layered FFNN solved by the L-BFGS algorithm
is designed as a deep classifier to rate the condition of EM. Indeed, the L-BFGS
algorithm is an optimization technique to minimize the cross-entropy loss in the
proposed FFNN. This section is focused on the reliability and performance of the L-
BFGS-based FFNN in the classification application of the eight aging levels of an IM.
Therefore, after creating the matrix of the extracted statistical features and using the
Mapminmax function to normalize the data between -1 and 1, the data set is divided
into two subsets for just training and testing operations. Generally, the data sets are not
divided into three subsets in the L-BFGS-based FFNN applications, and the validation
set is not defined beside the testing set simultaneously. However, it is attempted to
keep the sizes for the training and testing data sets the same in both L-BFGS-based
FFNN and PRNN. The developed deep classifier consists of two hidden layers, and in
each hidden layer, one activation function is employed. The activation functions
availed in this application are the Rectified Linear Unit (ReLU) function and the
Sigmoid function. The mathematical definition of the ReLU and Sigmoid activation

functions are provided in equation (4.6) and equation (4.7), respectively.
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X, x=>0
fl) = {O, x<0 (4.6)
1
fx) = 1T o= 4.7)

In this section, similar to the PRNN application, the developed deep neural classifier
employs the experimental vibration data, which is not preprocessed before the training
starts. 70 % of the data is then used to train the designed FFNN solved by the L-BFGS
algorithm. Afterward, the proposed network is tested by the 15 % of the data provided
in the matrix of the features. In this regard, the comparison between two different types

of ANN can be achieved accurately to rate the overall aging conditions of the IM.

Several structures of the L-BFGS-based FFNN with their testing accuracy rates are
represented in Table 4.4. As seen in Table 4.4, the maximum testing accuracy rate is
100% which indicates the high performance and robustness of the developed deep
classifier solved by the L-BFGS algorithm. Indeed, in deep FFNNs, when the testing
accuracy rate reaches 100%, it can be accepted as a relatively reliable testing accuracy
rate. Since, in the developed L-BFGS-based FFNN application, the data sets are
partitioned randomly to create a testing and a training data set for validating a statistical
model using cross-validation. In this regard, the possibility of overfitting can be
decreased. Indeed, it can be noted that the designed network is constructed as a
partitioned classification model using the cross-validation technique. The cross-
validation is actually presented to prevent overfitting problems in the ANNSs. In the
NN applications with training and testing data sets, cross-validation can be used to
ensure the randomness of the partitioning process. Therefore, the deep classifier in
which the testing accuracy rate is 100% can be preferable compared to the PRNN with
the same condition. The acceptable network with the maximum testing accuracy rate

1s also written bold in Table 4.4.

Table 4.4 : Table of the testing accuracy rates for the multi-layered FFNN solved by
the L-BFGS algorithm.

Network Number of Training Transfer Function of Testing
Number Hidden Neurons  Function each Hidden Layer Accuracy
Layer | - Layer 2 Layer | - Layer 2 Rate (%)
#1 4 -4 L-BFGS Sigmoid - Sigmoid 97.22
#2 4 -7 L-BFGS Sigmoid - Sigmoid 94.44
#3 4 - 10 L-BFGS Sigmoid - Sigmoid 100
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Table 4.4 (continued) : Table of the testing accuracy rates for the multi-layered

FFNN solved by the L-BFGS algorithm.

Network Number of Training Transfer Function of Testing
Number Hidden Neurons Function each Hidden Layer Accuracy
Layer | - Layer 2 Layer | - Layer 2 Rate (%)

#4 5-3 L-BFGS Sigmoid - Sigmoid 88.88
#5 5-9 L-BFGS Sigmoid - Sigmoid 83.33
#6 6 -6 L-BFGS Sigmoid - Sigmoid 100

#7 8 -4 L-BFGS Sigmoid - Sigmoid 72.22
#8 7-5 L-BFGS Sigmoid - Sigmoid 94.44
#9 7-9 L-BFGS Sigmoid - Sigmoid 97.22
#10 8 -6 L-BFGS Sigmoid - Sigmoid 86.11
#11 9-4 L-BFGS Sigmoid - Sigmoid 91.66
#12 6 -5 L-BFGS ReLU - ReLU 83.33
#13 7-5 L-BFGS ReLU - ReLU 97.22
#14 7 -7 L-BFGS ReLU - ReLU 97.22
#15 7 -8 L-BFGS ReLU - ReLU 86.11
#16 8 -7 L-BFGS ReLU - ReLU 88.88
#17 9-7 L-BFGS ReLU - ReLU 94.44
#18 10 - 6 L-BFGS ReLU - ReLU 94.44
#19 10 - 9 L-BFGS ReLU - ReLU 91.66

The testing confusion matrices and the testing ROC plots for four optional structures

of the p

roposed deep classifier are illustrated in Figure 4.5 and Figure 4.6, respectively.

The four optional networks are determined as:

Network #3: the network trained with four neurons in the first hidden layer, ten
neurons in the second hidden layer, and a Sigmoid activation function in each

hidden layer.

Network #6: the network trained with six neurons in the first hidden layer, six
neurons in the second hidden layer, and a Sigmoid activation function in each

hidden layer.

Network #14: the network trained with seven neurons in the first hidden layer,
seven neurons in the second hidden layer, and a ReLU activation function in

each hidden layer.

Network #9: the network trained with seven neurons in the first hidden layer,
nine neurons in the second hidden layer, and a Sigmoid activation function in

each hidden layer.

According to Figure 4.5 and Figure 4.6, it is indicated that the testing confusion

matrices and ROC plots of Network #3 and Network #6 approve the correctness of the
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calculated maximum testing accuracy rate, which is 100% in both networks. Figure
4.5 also demonstrates the testing confusion matrices of Network #14 and Network #9,

in which the one misclassified sample verifies the calculated testing accuracy rate
(97.2%).
(a) (b)

Testing confusion plot Testing plot
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Figure 4.5 : Testing confusion matrices of the developed deep classifier defined as
Network: (a) #3, (b)#6, (c) #14, and (d) #9.
The testing ROC plots of Network #14 and Network #9 are also illustrated in Figure
4.6. It can be seen that the ROC curves of class 5 and class 6 are quite distanced from
the left and top edges of the plot in Network #14 and Network #9. However, in
Network #9, just the ROC curve of class 5 is dragged to the right side of the plot, and

the area under the curve for this class is noticeably decreased.

As seen in Table 4.5, Recall, Precision, and F1-score metrics are also calculated for
Network #6, which represents the optimum classifier in the L-BFGS-based FFNN

application. It is shown that all the metrics for all classes are calculated as one since
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there is not any misclassified sample in the testing confusion matrix of Network #6.

Thereby, the fact of the perfect testing accuracy rate can be verified successfully.

Table 4.5 : Recall, Precision, and F1-score values for the testing process of the
Network #6 in the FFNN solved by the L-BFGS algorithm.
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Figure 4.6 : Testing ROC plots of the developed deep classifier defined as Network:
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The training loss plots are also employed as a proper tool for the performance

evaluation of the training process in the proposed deep classifier. Figure 4.7 illustrates

the training loss plots of the proposed deep classifier for the four optional structures

defined earlier. As seen in Figure 4.7, the minimum value of the training loss belongs

to Network #6. From this point of view, Network #6 can also be approved as the

optimal structure of the developed L-BFGS-based FFNN application.
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Figure 4.7 : Training cross-entropy loss plots for the four structures of the developed
deep classifier defined as Network: (a) #3, (b)#6, (c) #14, and (d) #9.
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5. NEURAL CLASSIFIERS RATING THE BEARING DEGRADATION

In this section, two significant changes have been applied to both shallow and deep
FFNN applications through the preprocessing and feature selection operations. Indeed,
to rate the bearing degradation levels instead of the overall conditions of an IM, the
MRWA and a spectral-based feature extraction technique are executed on the whole
experimental vibration signals. Therefore, instead of using 75% of the data sets, all the
vibration data collected from the experimental setup are employed for the

classification of the bearing degradation levels in the IM.

5.1 Preprocessing through MRWA

According to the previous investigations represented in the literature [73], the general
characteristic of the bearing degradation can be demonstrated in the high-frequency
region of the spectrum, which is determined between 2 and 4 kHz. Thus, the study’s
primary purpose is to focus on the high-frequency region of the measured vibration
signals. Besides, it is preferred to use MRWA as an appropriate tool for decomposing
the low and high-frequency bands of the vibration signals. MRWA can extract the

desired fault features located in the detail coefficients of each aged cycle accordingly.

In this study, a one-level MRWA is primarily applied to the vibration signals. The
Daubechies’ 16 (db16), defined in the MATLAB Toolbox, has been employed as the
desired mother wavelet function. The approximation and detail coefficients of the
proposed MRWA can also denote the low and high-frequency components of the
vibration signals as a function of time. Figure 5.1 represents the first detail coefficients
of the eight cycles of the measured vibration signals in both time and frequency
domains. As seen in Figure 5.1, the characteristics of the first detail coefficients
determine the location of the desired bearing fault frequency components (2-4 kHz) in
the spectrums. On the other hand, amplitudes of the signals in the time domain are also
amplified as the aging level increases. Therefore, the bearing degradation features can
be extracted conveniently by using only the first detail of the measured vibration

signals.
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Figure 5.1 : The time-domain and frequency-domain representations of the first
detail coefficient of all cycles.

In order to reduce the dimension of the provided data sets, even after MRWA, it is
necessary to select some of the discriminant features associated with the bearing
degradations in each cycle. In this way, the redundant and unnecessary features will
be eliminated efficiently. Indeed, the feature selection process is very advantageous
for classification problems in terms of providing high performance and fewer
computation efforts in the network. As a result, the learning time will be reduced

accordingly by decreasing the complicated calculations in the classifier [76].

There are lots of feature selection methods in the literature. Computing the statistical
parameters of the vibration signals is taken into account as a prevalent feature selection
method. However, compared to the statistical-based methods, using the spectral-based
features is also a superior approach for monitoring the bearing faults located in a
specific region. Therefore, some of the significant spectral features which play an
essential role in the classification applications are considered to be employed as a
novel combination of the spectral-based input parameters. In this study, before
computing the five spectral-based features, the eight aging cycles of the vibration data
are divided into 40 splits in both shallow and deep MRWA-based applications. The

five selected spectral-based features are defined as:

e The Shannon entropy of the signal
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e The power of the signal

e The average power of the signal in the 2-4 kHz frequency interval

e The mean frequency

e The percentage of the total power in the 2-4 kHz frequency interval.

The Shannon entropy is created to measure the uncertainty of the random vibration
signal. Indeed, the Shannon entropy calculates the expected value of the information
which is transferred in a block of data. The units of the computed expected values in
Shannon entropy are bits. The mathematical definition of the Shannon Entropy, H (x),

for a signal, x(t), is represented in equation (5.1).

HE) = =) P(x) loga(P(x) 5.1)

where i is the number of states (i = 1,2, ...,n) and P(x;) is the probability of obtaining

the value x; [77].

The power of the vibration signal is calculated by the square of its RMS level. Indeed,
there is another definition for the power of a signal in which the squares of the absolute
values of the time-domain samples are summed with each other primarily. Afterward,
the result of this summation can be divided by the length of the signal. Equation (5.2)
represents the mathematical definition associated with the power of a discrete-time

signal, x[n].

N-—
1
=5 Z |x[n]|? (5.2)

where N is defined as the length of the signal.

The energy of a signal can also be represented by a spectral-based definition.
According to Parseval’s Theorem, the energy of a signal can be calculated by the sum
of the absolute values of the Fourier spectrum coefficients [78]. The mathematical

representation of Parseval’s Theorem is indicated in equation (5.3).

1
Z|x[n]|2 =N2|x[k]|2 (5.3)

n=N k=N
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Therefore, to calculate the average power of the signal in the 2-4 kHz frequency
interval, the Discrete Fourier Transform (DFT) of the signal, which corresponds to the
2-4 kHz frequency interval, must be calculated primarily. Afterward, the average
power can be computed according to the definition of Parseval’s Theorem. In this
study, the mean frequency is estimated by computing the mean normalized frequency
of the power spectrum of the time-domain vibration signals. Eventually, the percentage
of the total power in the 2-4 kHz frequency interval, P,e; power 18 calculated according

to the definition represented in equation (5.4).

PE-—4kH
Pper_power = ——=x 100 (5.4)

total

where P,_44, represents the average power of the signal in the 2-4 kHz frequency
interval and Py, 1s defined as the total power of the signal. Both parameters are

calculated by integrating the PSD estimate.

5.2 PRNN Trained by the Levenberg-Marquardt Algorithm for Grading

Bearing Degradation

A PRNN, which is trained with the Levenberg-Marquardt algorithm, is designed to be
evaluated in terms of effectiveness and reliability in bearing aging classification
applications. For this aim, a hybrid structure containing both MRWA and PRNN is
constructed in this section to grade the bearing degradation in an IM. The PRNN
employed in this section includes just one hidden layer. In addition, the performances
of the logistic-sigmoid and the tangent-sigmoid activation functions in the hidden layer
are also assessed precisely. After obtaining the high-frequency bands (2-4 kHz) and
computing the five spectral-based features for each split of the eight aging cycles, the
matrix of inputs is prepared to be normalized between 0 and 1. In this step, the
normalization technique is implemented by dividing the samples of each column to the
maximum value of that column in the matrix of features. This technique is effective
for the calculated positive features to be normalized between 0 and 1. Afterward, the
data can be divided into three subsets for training, validation, and testing processes
with the ratio of 70%, 15%, and 15%, respectively. After the training process, the
testing operation is executed to assess the performance of the developed classifier

through the accuracy rates which are associated with various network structures. In
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this application, the Recall, Precision, and F1l-score metrics are also calculated to
evaluate the performance of the optimum classifier. Besides, the testing accuracy rates
of the shallow and deep hybrid classifiers are compared in this section. Table 5.1
determines the training, validation, testing, and total accuracy rates of the proposed
hybrid PRNN, which is trained with the Levenberg-Marquardt algorithm. As seen in
Table 5.1, the maximum testing accuracy rate is 97.9% which belongs to the network
trained with the nine hidden neurons and a logistic-sigmoid activation function.
Although there are other structures in which the testing accuracy rate is 97.9%, it is
not preferred to select them as the optimal structures since the total accuracy rates
associated with these networks are less than 95.6%. Furthermore, compared to the
accuracy rates of the PRNN designed in the 4" section, it is evident that the MRWA-
based PRNN indicates more reliable performances for the bearing aging classification
application. Since the accuracy rates of the proposed hybrid classifier are not 100%, it

can be assumed that these bearing aging classification results are reliable enough.

Table 5.1 : Table of the accuracy rates for the MRWA-based PRNN trained with the
Levenberg-Marquardt algorithm.

Number  Training Transfer Accuracy Rates (%)
of Function  Function of

Hidden Hidden Training Validation Testing Total

Neurons Layer

10 trainlm log-sig 97.3 97.9 89.6 96.2
9 trainlm log-sig 95.1 95.8 97.9 95.6
8 trainlm log-sig 97.3 97.9 89.6 96.2
7 trainlm log-sig 97.8 97.9 93.8 97.2
6 trainlm log-sig 96.9 95.8 91.7 95.9
5 trainlm log-sig 97.3 93.8 89.6 95.6
4 trainlm log-sig 98.2 97.9 91.7 97.2
3 trainlm log-sig 96 95.8 89.6 95
2 trainlm log-sig 87.5 89.6 93.8 88.8
1 trainlm log-sig 74.6 77.1 72.9 74.7
10 trainlm tan-sig 99.1 97.9 89.6 97.5
9 trainlm tan-sig 92.4 97.9 97.9 94.1
8 trainlm tan-sig 97.3 97.9 89.6 96.2
7 trainlm tan-sig 97.8 95.8 95.8 97.2
6 trainlm tan-sig 96.9 95.8 91.7 95.9
5 trainlm tan-sig 98.7 93.8 87.5 96.2
4 trainlm tan-sig 97.3 93.8 89.6 95.6
3 trainlm tan-sig 95.5 95.8 89.6 94.7
2 trainlm tan-sig 93.3 89.6 97.9 93.4
1 trainlm tan-sig 75.9 75 70.8 75
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The authenticity of the performance for the optimal network, which is trained with the
nine hidden neurons and a logistic-sigmoid activation function, is also confirmed by
the confusion matrix plots, ROC plots, and the error histogram plots. Figure 5.2, Figure
5.3, and Figure 5.4 demonstrate the confusion matrix plots, ROC plots, and the error
histogram plots for the optimal structure of the proposed MRWA-based PRNN,
respectively. As seen in Figure 5.2, the training confusion matrix includes 11
misclassified samples associated with the fifth and sixth classes. That is why the
training accuracy rate is 95.1%. There are also two misclassified samples for class 5
and class 7 in the validation confusion matrix, which verify the value of the validation
accuracy rate. In the testing confusion matrix, just one sample of class 5 is estimated
as class 6 by mistake. Therefore, the testing accuracy rate reaches the maximum value
by a small number of misclassified samples. Besides, the confusion matrix containing
all samples of the vibration data demonstrates the total misclassified samples
associated with the training, validation, and testing processes which certifies the total
accuracy rate. By analysis of the confusion matrix plots, it can be deduced that the
division of the data sets into three subsets has been executed randomly. Generally, the
“Dividerand” function is availed in the PRNN classification applications. The
“Dividerand” function is designed in the Toolbox of MATLAB and divides the
targets into three sets using the random indices. However, this function is not able to
provide a testing or validation data set with a similar number of samples for each class.
Indeed, this is an undeniable drawback of this function that impresses the accuracy

rates of the PRNNs mostly.
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Figure 5.2 : Confusion matrix of the training, validation, testing, and all samples of
the vibration data for the optimum structure in the MRWA-based PRNN application.

Recall, Precision, and F1-score metrics for each class of the testing process of the
optimum structure are calculated in Table 5.2. As seen in Table 5.2, the Recall value
for class 5 and the Precision value for class 6 are 0.8 and 0.75, respectively. Recall,
Precision, and Fl-score metrics for other classes are calculated as one, which
represents a classifier with a perfect performance in classifying the associated classes.
These calculations approve that there is just one misclassified sample in the testing
confusion matrix, which actually belongs to class 5 but is predicted as class 6. Besides,
the calculated F1-score metric for class 5 and class 6 are 0.88 and 0.85, respectively.
Indeed, the total values of Recall, Precision, and F1-score are also calculated as 0.979,

which represents the correctness of the testing accuracy rate of the optimum classifier.
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Table 5.2 : Recall, Precision, and F1-score values for the testing process of the
optimum structure in the MRWA-based PRNN.

Number of classes Recall Precision F1-score
Class 1 1 1 1
Class 2 1 1 1
Class 3 1 1 1
Class 4 1 1 1
Class 5 0.8 1 0.88
Class 6 1 0.75 0.85
Class 7 1 1 1
Class 8 1 1 1

Total 0.979 0.979 0.979

By analysis of ROC plots represented in Figure 5.3, it is evident that there are some
reductions in the area under the curves associated with some classes. The training ROC
plot shows the ROC curves of class 5, class 6, and class 7, which are getting away
from the left and top edges of the plot. This reduction just occurred for class 5 and
class 6 in the validation process. Moreover, it is also illustrated that the testing ROC
curves for all classes create the maximum area under the curve values in the testing
process, which indicates the high performance of the proposed hybrid classifier. It can
also be perceived that somehow the ROC plot of all samples of the experimental
vibration data indicates the combination of the ROC curves in the training, validation,

and testing processes for each class.
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Figure 5.3 : ROC plots of the training, validation, testing, and all samples of the
vibration data for the optimal structure in the MRWA-based PRNN application.

As seen in Figure 5.4, the error histogram plot of the proposed PRNN aided by MRWA
demonstrates the small error values for training, validation, and testing processes.
Indeed, the small error value that corresponds to most data samples gives a significant
hint regarding the high performance of the designed classifier. In the training,
validation, and testing processes, the error value corresponding to the most data

samples is around 0.0165.

49



Error Histogram with 20 Bins

I Training
[ Validation
N Test

2000 -

Zero Error

1500 -

Instances

1000 -

500 -

0.8307
-0.7384
0.6461
0.5538
-0.4615
-0.3692
-0.2769
-0.1846
-0.09228
2.45e-05
0.09233
0.1846
0.2769
0.3692
0.4615
0.5538
0.6461
0.7384
0.8307
0.923

Errors = Targets - Outputs

Figure 5.4 : Error histogram plots of the training, validation, and testing processes of
the optimal structure in the MRWA-based PRNN application.

5.3 Multi-Layered FFNN Solved by the L-BFGS Algorithm for Grading the

Bearing Degradation

In order to classify the bearing aging levels in the IM, a hybrid structure containing a
one-level MRWA and a multi-layered FFNN solved by the L-BFGS optimization
algorithm is designed in this section. The developed MRW A-based FFNN comprises
two hidden layers with two activation functions. The ReLU and the Sigmoid activation
functions are considered to be employed in these two hidden layers. Similar to the
PRNN application represented in the previous section, the high-frequency bands (2-4
kHz) of the experimental vibration data are primarily decomposed by a one-level
MRWA. After splitting the eight cycles into 40 fragments and computing the five
spectral-based features for each split, the normalized inputs of the developed hybrid
network can be provided. Indeed, the normalization technique is also executed similar
to the hybrid PRNN application in which all samples are normalized between 0 and 1.
In this multi-layered deep FFNN application, the whole data set is divided again into
two subsets by using the partitioning technique, which is used in the cross-validated
models. One subset is availed for the training operation with the ratio of 70%, and the
other subset is used for the testing process comprising the ratio of 15%. In this
application, the size of the training and testing data sets are considered to be similar to

the training and testing data sets in the MRWA-based PRNN application, so the
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remaining 15% of the data is not employed. Eventually, the training and testing
processes can be started, respectively. Table 5.3 represents some of the structures that
are led to high testing accuracy rates in the L-BFGS-based FFNN application aided by
MRWA. According to the testing accuracy rates represented in Table 5.3, it is
determined that there are four structures resulting in the maximum testing accuracy
rate, which is 100%. The four mentioned networks with the highest testing accuracy

rates are determined as:

e Network #5, which represents the network trained with seven neurons in the
first hidden layer, six neurons in the second hidden layer, and a sigmoid

activation function in each hidden layer.

e Network #8, which represents the network trained with nine neurons in the first
hidden layer, seven neurons in the second hidden layer, and a sigmoid

activation function in each hidden layer.

e Network #9, which represents the network trained with ten neurons in the first
hidden layer, nine neurons in the second hidden layer, and a sigmoid activation

function in each hidden layer.

e Network #17, which represents the network trained with nine neurons in the
first hidden layer, six neurons in the second hidden layer, and a ReLU

activation function in each hidden layer.

Table 5.3 : Table of the testing accuracy rates for the MRWA-based FFNN solved
by the L-BFGS algorithm.

Network Number of Training Transfer Function Testing
Number Hidden Neurons Function of each Hidden Accuracy Rate
Layer (%)
Layer | - Layer 2 Layer 1 - Layer 2
#1 3-5 L-BFGS Sigmoid - Sigmoid 97.91
#2 4 -4 L-BFGS Sigmoid - Sigmoid 95.83
#3 4 -6 L-BFGS Sigmoid - Sigmoid 95.83
#4 4 -10 L-BFGS Sigmoid - Sigmoid 93.75
#5 7-6 L-BFGS  Sigmoid - Sigmoid 100
#6 7 - 10 L-BFGS  Sigmoid - Sigmoid 97.91
#7 8-9 L-BFGS Sigmoid - Sigmoid 93.75
#8 9-7 L-BFGS  Sigmoid - Sigmoid 100
#9 10- 9 L-BFGS  Sigmoid - Sigmoid 100
#10 10-10 L-BFGS Sigmoid - Sigmoid 95.83
#11 4 -7 L-BFGS ReLU - ReLU 95.83
#12 4 -9 L-BFGS ReLU - ReLU 97.91
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Table 5.3 (continued) : Table of the testing accuracy rates for the MRWA-based
FFNN solved by the L-BFGS algorithm.

Network Number of Training Transfer Function Testing
Number Hidden Neurons Function of each Hidden Accuracy Rate
Layer (%)
Layer | - Layer 2 Layer 1 - Layer 2
#13 6-3 L-BFGS ReLU - ReLU 97.91
#14 6 -8 L-BFGS ReLU - ReLU 95.83
#15 6-9 L-BFGS ReLU - ReLU 97.91
#16 8-9 L-BFGS ReLU - ReLU 95.83
#17 9-6 L-BFGS ReLU - ReLU 100
#18 10 - 10 L-BFGS ReLU - ReLU 95.83

In order to select one of these four structures as the optimal structure, the training
cross-entropy loss plots of each structure are demonstrated in Figure 5.5. By
comparing the minimum training loss values associated with each structure, Network
#9 can be chosen as the optimal structure. Indeed, the minimum training loss for
Network #9 is 0.0142018, which is the significantly small value compared to the other
structures. The optimal structure is determined in bold in Table 5.3. Furthermore, it
can be determined that the proposed hybrid network outperforms the MRWA-based
PRNN application in terms of reliability and performance in the classification of the

bearing degradation levels in the IM.
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Figure 5.5 : Training cross-entropy loss plots for the four structures of the MRWA-
based deep classifier defined as Network: (a) #5, (b) #8, (c) #9, and (d) #17.
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Since the testing confusion matrices and the testing ROC plots of the aforementioned
four structures are precisely similar to each other, only the testing confusion matrix
and the testing ROC plot of the optimum structure are demonstrated in Figure 5.6.
Obviously, there is no misclassified sample in the testing confusion matrix. Thereby,
the perfect performance of the optimum network can be appropriately justified. Indeed,
since the overall size of the collected vibration data set is relatively small in such an
application, the testing data set can also be created with a small size. Therefore, by
creating some minor variations in the number of misclassified samples, the testing
accuracy rates can be changed to a large extent. In other words, when there is just one
misclassified sample in the testing confusion matrix, and the associated testing
accuracy rate reaches 97.9%, it is natural to reach the perfect testing performance when

there is not any misclassified sample in the testing confusion matrix.

Besides, it is determined that the ROC curve of each class hugs the left and top edges
of the plot, which represents the high performance of the proposed classifier. As seen
in the testing confusion matrix plot, the significant advantage of the multi-layered L-
BFGS-based FFNN application is the fact that the testing data set can be provided by
a partitioning technique that is implemented randomly. Indeed, an appropriate feature
of this technique is the fact that each class includes the same number of samples in the
testing data set. Therefore, unlike the PRNN model, which uses the “Dividerand”
function, in the partitioned classification models, each class of the testing data set
includes the same number of samples.
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Figure 5.6 : Performance measurement plots for the optimum structure of the
MRWA-based FFNN solved by the L-BFGS algorithm: (a) testing confusion matrix and
(b) testing ROC plot.
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As seen in Table 5.4, Recall, Precision, and F1-score metrics are also calculated for
Network #9, which represents the optimum structure of the MRWA-based deep
classifier. It is shown that all the metrics for all classes are calculated as one since there
is no misclassified sample in the testing confusion matrix of Network #9. Thus, the

perfect testing accuracy rate of Network #9 can be verified successfully.

Table 5.4 : Recall, Precision, and F1-score values for the testing process of Network
#9 in the MRWA-based FFNN solved by the L-BFGS algorithm.

Number of classes Recall Precision F1-score
Class 1 1 1 1
Class 2 1 1 1
Class 3 1 1 1
Class 4 1 1 1
Class 5 1 1 1
Class 6 1 1 1
Class 7 1 1 1
Class 8 1 1 1

Total 1 1 1
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6. CONCLUSIONS

In this thesis, four ANN-based CM approaches are presented to classify the different
aging conditions of an IM by using vibration signals, which are the most informative
signals for monitoring purposes. In this study, vibration signals are availed not only
for rating the overall conditions but also as the best shortcut to classify the bearing
aging conditions of IM. In other words, the study consists of two parts; rating the
overall condition and the bearing condition of the motor, respectively. Therefore,
seven aged vibration signals are collected through an artificially accelerated aging
experiment, including EDM and the chemical-thermal aging actions. In addition to the
seven aging cycles, an initial cycle is also added to the acquired vibration data sets
representing the healthy condition of IM. In this study, four neuro classifiers are
represented to grade the different conditions of the IM. The performances of these four
neuro classifiers are evaluated through the accuracy rates, Recall, Precision, F1-score,
confusion matrices, ROC plots, and loss plots. The error histogram plots are also used
to evaluate the PRNN applications. Properties, comments, and findings of each

classifier are listed below:

e Primarily, a PRNN model is designed to classify the overall condition of the
IM by training the nine time-domain statistical features of the acquired
vibration signals. The accuracy rates of the proposed shallow NN trained with
different optimization algorithms are compared. These BP-based optimization
algorithms are the Levenberg-Marquardt and the Scaled Conjugate Gradient
algorithms. It is indicated that the network trained with the Levenberg-
Marquardt algorithm outperforms the network trained with the Scaled
Conjugate Gradient algorithm. The maximum total accuracy rate of the best
structure trained by the Levenberg-Marquardt algorithm is 99.2%, while the
testing accuracy rate associated with this network is 97.2%. By analyzing the
metrics and comparing the performance measurement plots of different
structures, it is derived that even the optimum structure of the PRNN is not

reliable enough for the aging classification of the IM. Also, the 100% training
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accuracy rate, calculated for the optimum structure, represents the possibility

of overfitting in the proposed network.

In order to reduce the risk of memorization and create a model containing more
reliable structures, a two-layered FFNN model solved by the L-BFGS
algorithm is developed as a deep classifier to rate rating the overall conditions
of the IM. This classifier's maximum testing accuracy rate is 100%, which
indicates a better performance than the PRNN application. In addition, all the
calculated metrics and performance measurement plots certify the precision
and correctness of the selected network as an optimum structure. In this
application, the maximum testing accuracy rate is still more reliable than the
PRNN application since the proposed deep classifier uses a creditable tool for
the random division of the testing data set, preventing the overfitting in deep
NN applications. However, the ideal testing accuracy rate can also be justified
because the size of the experimental vibration data is relatively small, and it is

effortless for a deep classifier to learn the patterns efficiently.

In the third application, a one-level MRWA technique is employed as a
preprocessing method to extract the bearing fault regions (2-4 kHz) in the
spectrum of the vibration signals since this application is developed to grade
the bearing aging levels of the IM. Afterward, five new spectral-based features
are proposed as the inputs of a PRNN, which is trained by the Levenberg-
Marquardt algorithm. The reliability of the created network is also enhanced
by increasing the size of the vibration data sets. By investigating the computed
metrics and the performance measurement plots, it is deduced that the total and
testing accuracy rates of the optimum structure in the proposed PRNN are
95.6% and 97.9%, respectively. This application is more reliable and realistic
since the optimum training accuracy rate is not 100%, and the possibility of

memorization is reduced by increasing the size of the data sets.

Eventually, as the fourth classifier, an MRWA-based FFNN is trained by the
L-BFGS algorithm to be evaluated and compared with the proposed MRWA-
based PRNN in terms of the reliability and performance in bearing aging
classification application. This classification is also based on the five spectral-
based features. By analysis of the four computed metrics and the performance

measurement plots, it is ascertained that the maximum testing accuracy rate is
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100%, which belongs to the network with the minimum training loss. Besides,
the quality of the performance for the optimum classifier is investigated
appropriately by using the confusion matrix, the ROC, and the training loss
plots. By comparing the metrics, the testing confusion matrix, and the testing
ROC plots of the optimum structures in both shallow and deep classifiers, it
can be figured out that the performance and reliability of the bearing aging
classification application are enhanced by using the L-BFGS-based classifier.
Therefore, the MRWA-based deep classifier is suggested as the most robust

and reliable model for monitoring and detecting the bearing aging level.

It is also essential to state that the proposed study introduces a novel strategy by
extracting the spectral-based features and providing an efficient hybrid structure for
the aging monitoring applications. By computing the five spectral-based features
instead of nine time-domain statistical features as the inputs of the MRWA-based
classifiers, the dimensions of the network inputs are also decreased efficiently.
Furthermore, the high performance and accuracy scores of the proposed deep neuro
classifier can be helpful for industrial applications, which substantially require the CM
and FD proceedings to prevent any irreparable damages associated with the bearing

degradations in EMs.
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